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Abstract
Introductory computing courses have a high failure rate worldwide. At the Federal University of Amazonas, this
also happens and, since 2016 a group of professors decided to reformulate the course at the institution and some
learning analytics initiatives have been adopted. The reformulation included a review of the course program and
the use of an online judge. After all these years of research, the group has enough material and data and it is a
good moment to summarize what has been done and the achievements so far. In this article, the focus will be the
learning analytics in three main areas: student performance prediction, classification of difficulty of programming
exercises, and gamification. Also, as a contribution, for the first time in a journal, the whole dataset is available to
the community.
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1 Introduction

Computer Science 1 (CS1) is a fundamental curricular component of Science, Technology, En-
gineering, and Mathematics (STEM) undergraduate degree programs. It introduces students to
programming logic and serves as an initial exposure to programming languages and fundamental
data structures.

Although it is a crucial course for many science and engineering degree programs, CS1 has
worldwide high failure and dropout rates, which is a matter of concern for educational institutions
(Bennedsen & Caspersen, 2019; Ihantola et al., 2015). In response, numerous studies have been
conducted to comprehend student behavior (Blikstein, 2011), predict student performance (Lacave
et al., 2018; Watson et al., 2013), and identify the need for additional support (Castro-Wunsch et
al., 2017), among other factors. Additionally, a significant challenge in teaching CS1 is to motivate
students who may not intend to pursue programming as a professional career (Echeverría et al.,
2017; Norman & Adams, 2015; Santana & Bittencourt, 2018).

In light of these issues, instructors from the Institute of Computing (IComp) at Federal
University of Amazonas (Universidade Federal do Amazonas – UFAM) have been continuously
improving CS1 teaching practice, since 2015. This initiative was driven by low approval rates
between 2012 and 2014, bellow 50%. The implemented changes included the following actions:
adoption of a practice-oriented learning methodology, supported by an online judge; frequent
formative assessments; update of teaching material; recruitment of teaching assistants; and intro-
duction of gamification in the online judge.

Figure 1: Evolution of CS1 performance over the last academic year at UFAM..

Figure 1 shows the evolution of approval, failure and dropout rates in CS1 at UFAM. Al-
though the aforementioned actions appear to have had no effect on the approval rate, the dropout
rate had decreased from 2016 to 2019. In 2020, dropout marks were removed from students’
records due to COVID-19 pandemics. However, dropout rate have increased since then, in the last
two years, which arouse new concerns among CS1 instructors team.

Thus, recently, they have focused on applying Learning Analytics (LA) techniques to mon-
itor various aspects of the teaching and learning process. To achieve this effectively, they have
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adopted an approach that involves using an online judge, collecting educational data, incorporat-
ing gamification, and applying LA in various contexts.

This text stands out from most articles as it does not focus on presenting specific research;
instead, it serves as a comprehensive showcase of the predominant initiatives and outcomes within
the field of Learning Analytics at UFAM, specifically in the context of introductory programming
courses. After all these years of research, it is a good moment to summarize what has been done
and the achievements so far. Given the importance of understanding the context in which our
studies were conducted, we will commence by providing an overview of the current scenario of
CS1 at UFAM, which will be presented in the next section. Then, we will delve into the the
collection of educational data, the application of LA, and the integration of gamification. We will
elaborate on each action using examples from publications and obtained results. Finally, we will
provide concluding remarks and discuss potential avenues for future work.

2 Educational Context

Since the studies discussed in this article were conducted within the same educational setting, this
section is dedicated to providing a comprehensive overview of the specific details concerning the
course, the online judge and the collected data. To enhance the effectiveness of the Computer Sci-
ence 1 (CS1) course at the UFAM, the team in charge of revamping the methodology recognized
the need for a substantial change in the teaching and learning process. As a result, the team chose
to prioritize key elements that could facilitate automated activities and evidence-based decisions.
To this end, an online judge and LA were integrated to allow tracking of student progress and the
adaptation of course content. Furthermore, gamification elements were implemented to engage
students and motivate them to participate actively in the course.

This CS1 course is taught by the IComp to 17 undergraduate programs in STEM. The course
is divided into seven modules, each one is a topic of introductory programming: (1) sequential
structures; (2) simple conditional structures (if-then-else); (3) nested conditional structures (nested
if-then-else); (4) while loops; (5) arrays and strings; (6) for loops; and (7) matrices. Each module
is composed of: (a) teaching material from the lecture; (b) a formative assignment; and (c) a
summative exam. CodeBench, our online judge, provides exercises for assignments and exams
that require Python solutions (Carvalho et al., 2016).

CodeBench is an online judge developed at UFAM to automate the correction of program-
ming exercises. In this system, instructors can provide programming exercises for their students,
who can then code solutions and submit them through the system’s interface (Figure 2). Once a
student submits a solution for a given exercise, CodeBench checks if the solution produces the
expected outputs for the given inputs and informs the student whether the solution is correct,
partially correct, or incorrect.

In addition to automating the evaluation of programming exercises, CodeBench also stream-
lines the process of creating or selecting such exercises, thus saving instructors time. For this,
the system maintains a repository with 14,947 programming exercises that instructors can select
when creating assignments. Whenever a new exercise is added to the system, it becomes part of
the repository and is immediately available to all other instructors. Therefore, CodeBench can
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Figure 2: CodeBench screenshot.

also be considered a collaborative environment for creating exercises, with instructors benefiting
from each other’s work. Currently, the system has 8,085 users, including students and instructors
from UFAM and three other partner institutions.

Data collection in online judge tools is essential for monitoring student progress and adapt-
ing course content. As mentioned, CodeBench provides its integrated development environment
(IDE), designed to be simple and beginner-friendly, as shown in Figure 2. All actions performed
by students in the IDE (e.g., keystrokes, submissions, code pasting, mouse clicks, tab or window
transitions) are timestamped and recorded in a log file on the server side. Figure 3 shows an exam-
ple of the log, from which we can extract variables to measure learner behavior. For example, we
can identify the number of times a student attempted to solve a problem, the time it took to solve
a problem, the number of errors made, the educational resources accessed, the number of logins
and logouts made, as well as extract another set of variables related to the use of gamification.

The decision to develop our online judge was crucial to tailor it to our teaching needs and
better understand the requirements for such a system. As CodeBench is an in-house tool, it can
be modified to meet the needs of both teachers and students, as well as for ongoing research
purposes. Furthermore, it can be used as a supportive tool in any teaching modality, whether
traditional face-to-face, remote, or hybrid learning environments.
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Figure 3: An example of part of CodeBench log.

The unprecedented Covid-19 pandemic brought a sudden shift towards remote learning,
making CodeBench even more valuable in facilitating teaching and learning. With its online ac-
cessibility, students could continue learning remotely and submitting their solutions to the online
judge for instant feedback. As such, CodeBench played an important role in ensuring the conti-
nuity of education in the face of the challenges presented by the pandemic.

So, in the next section, we describe an important part of all the researches – the CodeBench
dataset. The data is collected since 2016 and enables a longitudinal analysis of CS1 courses in
many ways.

3 CodeBench Dataset

In addition to facilitating the teaching and learning experiences of students and professors in
programming courses at UFAM, CodeBench provides a public dataset1 that is presented, for the
first time, in a scientific journal so it can be used by any researcher interested in conducting
research in the field of computer science education. The dataset contains the data generated from
student actions attempting to solve the proposed exercises in the CodeBench IDE. This data is
anonymized by the guidelines of the Brazilian General Data Protection Law (LGPD)2

Although CodeBench is a supporting tool for other programming courses, the available pub-
lic dataset only provides data from UFAM’s CS1 courses. The latest dataset release, CodeBench
Dataset 1.7, contains all logs collected from CS1 students from 2016 to 2022, where each aca-
demic year is divided into two semesters. This release covers data from 107 CS1 classes, 4,511
students, 14,947 homework exercises, 1,908 exams, 375,173 student codes, and 3,860,565 code
tests and submissions. These data have enabled researchers in computer science education and LA
to conduct research on educational online judges (Carvalho et al., 2016), code plagiarism detec-
tion (Oliveira et al., 2021), continuous student authentication (Lavareda et al., 2020), prediction
of learning and academic performance in programming (Pereira et al., 2017; Fonseca et al., 2019;
Pereira et al., 2019; Pereira, Oliveira, et al., 2020; Pereira, Souza, et al., 2020), interpretation of
predictive models (Pereira et al., 2021), recommendation systems (Pereira et al., 2022), gamifi-
cation (Pessoa et al., 2019, 2021; Ribeiro et al., 2020; Pessoa, 2022), among others. In addition,

1Available at https://codebench.icomp.ufam.edu.br/dataset/.
2Available at https://www.gov.br/cidadania/pt-br/acesso-a-informacao/lgpd.
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these research efforts contribute to the formation of new masters and doctors at the IComp at the
UFAM.

Figure 4 shows the schema and organization of the dataset. Inside the root folder, there are
folders for each academic semester, and each semester folder contains its class folders. For in-
stance, the folder 2022-2 contains all data and logs generated during the second academic semester
of 2022 for the classes 438, 439, 440, and so on.

Figure 4: CodeBench dataset schema.

Within a class folder, the assessments folder contains data for all assessments recorded for
that class in a given semester. There are two types of assessments: homework and exams. Home-
work are formative assessments consisting of programming problems aimed at helping the student
master the course content. Such assessments have a minimal impact on the student’s grade and
can be completed in the computer lab or at home. On the other hand, exams are summative as-
sessments administered and supervised by teachers while students solve programming exercises
at scheduled dates and times. Unlike homework, CodeBench creates a unique exam for each
student by randomly selecting questions from question blocks created by the teachers. Figure 5
illustrates the contents of the 3927.data file, which specifies the data and the list of exercises of
the assessment 3927.

In Figure 4, the folders 4202, 5052, 5522, etc. represent students (users) enrolled in class
438. Each folder contains all the data and logs for the corresponding student. For each student, the
user.data file stores historical and demographic data, the logins.log file keeps track of the student’s
login and logout information, and the events.log file records the student’s navigation events in the
CodeBench UI. Additionally, a student has the following folders:

• codes: which contains the final version of all the code (Python 3) developed by the student
during the CS1 course. For instance, the file /codes/3927_1326.py is a Python file coded
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-- ASSESSMENT DATA:
---- assessment title: Lab 0 - Getting Started with Python
---- class name: Introduction to Computer Programming
---- class number: 438
---- start: 2022-10-26 14:55
---- end: 2022-12-23 23:59
---- language: Python 3
---- codemirror mode: python/python.js
---- type: homework
---- weight: 1
---- total_exercises: 16
-- EXERCISES:
---- exercise 01: 994
---- exercise 02: 996
---- exercise 03: 1326
---- exercise 04: 1327
---- exercise 05: 1328
---- exercise 06: 1329
---- exercise 07: 1330
---- exercise 08: 1331
---- exercise 09: 1333
---- exercise 10: 1334
---- exercise 11: 1332
---- exercise 12: 1559

Figure 5: File content 3927.data.

by the student 5052. The numbers 3927 and 1326 indicate the assignment and one of the
exercises of this assignment, respectively.

• codemirror: the IDE integrated into CodeBench is based on CodeMirror, which is a code
editor/component implemented in JavaScript. This component records events of various
student activities such as code changes, mouse clicks on the IDE (focus), ctrl+c (copy),
ctrl+v (paste), etc. Thus, each file in this folder contains the record of a student’s activities
while he or she was trying to solve a particular programming exercise. For instance, the file
/codemirror/3927_1326.log contains all the keystrokes and mouse clicks made by student
5052 while coding the file /codes/3927_1326.py.

• executions: this folder provides the data (codes, errors, outputs, and execution time) of all
the code executions students trigger during their CS1 course. CodeBench allows two types
of code execution: tests and submissions. In tests, students can run their codes with their
inputs to check if the outputs are by the problem requirements. When a student believes
that their code is correct, they can submit it for automatic evaluation. The code is evaluated
through a series of test cases that check if its output meets the exercise specifications. For
example, the file /executions/3927_1326.log provides all the data of tests and submissions
executed by student 5052 during the coding of file /codes/3927_1326.py.

• grades: contains data on the student’s performance in the assignments of their CS1 course.
For instance, the file /grades/3927.log contains the performance data of the student 5052 for

1095



Coelho et al. RBIE v.31 – 2023

each exercise solved in assignment 3927. Unlike the files in this folder, the file /grades/fi-
nal_grade.data provides the student’s final grade, resulting from all the assignments solved.

• mousemove: provides data on mouse movements made by the student during the resolution
of each exercise of each assignment. For example, the file /mousemove/3927.log contains
the mouse movement data of the student 5052, for each exercise solved in assignment 3927.

Note that the logging of the dataset occurs at various levels of granularity: at the keypress
level, from the files in the codemirror folder; and at the level of code tests and submissions, from
the files in the executions folder. The finer-grained data provide opportunities for highly detailed
investigations of the coding behaviors of students during the resolution of programming exercises.

Despite the dataset being limited to logs generated within UFAM, CodeBench is available
to professors and researchers from other universities who are interested in conducting research
in the field of computer science education. In this case, logs generated by students from those
external universities can be shared with such researchers. All the LA conducted by our research
group are based on these logs, with a particular focus on the following research topics: student
performance prediction, exercise classification and gamification. The next three sections will
cover these themes.

4 Methods

In this section, we present the research methodology that encompasses the three mentioned topics
of research. It is composed by three main phases: data collection and preprocessing, experiments
for selecting the best attributes, and analysis of results, explained next and shown in Figure 6.

1. Data Collection and Preprocessing

(a) Data Sources: Initially, we collected interaction data from students in programming
courses within an online learning environment - CodeBench - used as an educational
support tool.

(b) Data Preparation: The raw data collected was processed for cleaning and organization.
This involved removing missing values, standardizing formats, and converting raw
data into usable formats.

(c) Feature Engineering: At that stage, we identified the most relevant attributes for our
study. This included student performance metrics, exercise characteristics, and gami-
fication data, as applicable.

2. Experiments for Selecting the Best Attributes

(a) Data Split: The dataset was be divided into training and testing sets to assess the
performance of the classification models.

(b) Attribute Selection: We used attribute selection techniques such as importance analysis
or filter methods to identify the most relevant attributes for the classifications.
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Figure 6: Research methodology.

(c) Classification Models: We implemented various classification models such as decision
trees, logistic regression, and neural networks to test the influence of attributes for the
classifications.

3. Analysis of Results

(a) Evaluation Metrics: We used evaluation metrics such as accuracy, recall, F1-score,
and area under the ROC curve to assess the performance of the models in difficulty
classification.

(b) Model Comparison: We compared the performance of different models and attribute
selection techniques to identify the most effective approach.

(c) Result Interpretation: We analyzed how the chosen attributes influence the perfor-
mance prediction, the difficulty classification and the impact of gamification on student
performance.

(d) Discussion and Conclusion: Based on the results, we discussed practical and theo-
retical implications, highlighting the study’s limitations and providing directions for
future research.
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This methodology allowed for a systematic approach to collect, prepare, analyze, and inter-
pret data related to Learning Analytics on the topics of student performance, exercise difficulty
classification, and gamification in an educational context.

5 Learning Analytics for Student Performance Prediction

The high rate of failure and dropout in programming courses, particularly in STEM fields, is a
serious and recurrent problem that institutions and educators must address. To tackle this issue
is crucial to understand the causes and work towards possible solutions that provide information
and recommendations to help teachers mitigate the difficulties students face. To achieve this,
researchers and educators commonly encounter questions such as:

• Which students are struggling with the course material?

• What topics or exercises do they find most challenging?

• Which exercises are best suited to each student’s needs?

• Are students engaging in unacceptable practices, such as plagiarism, when completing their
assignments?

To answer these and other important questions, a research group at our institution employs
various methods, including predictions, descriptions, interventions, recommendations, and per-
sonalization. By analyzing data collected from students in programming courses, such as their
performance on assignments and their interaction with our online judge system, we can gain in-
sights into their learning behaviors and tailor our teaching methods accordingly. For instance,
if many students struggle with a particular concept, we promptly modify the course material to
provide additional support and guidance. Additionally, by identifying students who may be at risk
of dropping out, we can intervene early to provide targeted support and resources to help them
succeed.

One of the primary research focuses of our group was the utilization of LA techniques for
predicting student performance. The existing literature indicates numerous studies on prediction
introductory programming course performance (Ihantola et al., 2015; Robins, 2019; Carter et al.,
2019). However, many of these studies only use variables based on the number of attempts made
by students and the correctness of the submitted questions (Pereira, Souza, et al., 2020). While
these two variables are useful, research points to the need for more granular studies (Carter et al.,
2019), such as the ones we used in our programming profile. Each student’s programming profile
was generated based on attributes extracted from the online judge logs. Over 30 attributes were
extracted, including:

• attempts: the average number of submissions per exercise;

• changes: the number of code changes between submissions;
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• correctness: number of problems correctly solved from programming assignments before
the first exam;

• procrastination3 : the practice of postponing the start or completion of solving exercises of
an assignment;

• propPaste: the proportion of pasted characters compared to typed characters;

• qtdEvents: the number of events during development;

• syntaxError: the proportion of submissions with errors.

After the selection of attributes and classification models, we proceed to present the evalua-
tion of metrics and engage in a discussion of the results in the following section.

5.1 Results and Discussion

In fact, by combining the number of attempts and correctness with highly granular variables, our
predictive models achieved an F1-Score of approximately 80% (Accuracy ≈ 81%, Recall ≈ 82%,
Precision ≈ 79%) in predicting student performance using only data from the first 2 or 3 weeks of
class (Pereira et al., 2021). Furthermore, the predictive models become increasingly accurate as
more data is accumulated from subsequent weeks (Pereira et al., 2022). To illustrate, by the sixth
week, our predictive model had achieved an F1-Score of approximately 90%. It is important to
note that the information provided by the predictive model about the likelihood of student approval
can be combined with the experience and observations of the teachers in the classroom, further
enhancing its predictive power.

Also, as part of our initiatives, we utilized LA techniques to model the fine-grained data and
identify early effective programming behaviors that could guide ineffective students (Pereira et
al., 2017, 2019; Fonseca et al., 2019; Pereira, Fonseca, et al., 2020). In order to understand the
behaviors of CS1 students, we aimed to address the following two goals: (i) detect early effective
and ineffective behaviors of CS1 students using data from an online judge; and (ii) understand
which effective behaviors of novice students can be utilized to guide students showing ineffective
behaviors.

We define "effective students" (Cluster A) as those who progress in learning to program,
leading to successful outcomes, while "ineffective students" (Cluster C) are those who struggle
to make progress or require excessive effort, resulting in unsuccessful outcomes. We also catego-
rize students who fall between the spectrum of effectiveness and ineffectiveness as "intermediate
students" (Cluster B). Figure 7 shows that the student’s performance is directly related to their
behavior on the online judge (Pereira, Oliveira, et al., 2020).

Furthermore, when drawing parallels with other relevant studies that share the common goal
of early performance prediction in introductory programming, we can observe varying levels of
success. For instance, (Leinonen et al., 2016) achieved an accuracy of 65.8% using data from 226
students within their first two weeks of the course. In an extension of this work, (Edwards et al.,

3Notice that the procrastination can be related to a student’s difficulty with the content of the course. Additionally,
it may also be associated with factors such as a lack of interest in the subject and/or a lack of organization skills.
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Figure 7: Programming profile in each cluster .

2020) improved the accuracy to 72% with a larger dataset. Meanwhile, (Castro-Wunsch et al.,
2017) attained an accuracy of 71.81% using data from 897 learners within their first four weeks,
with the first two weeks’ performance not reported. (Quille & Bergin, 2019) reached an average
accuracy of 71% using early data from 692 students, while (Tomasevic et al., 2020) achieved 78%
accuracy.

Notably, our results surpass all related works for early performance prediction. It is worth
noting that studies such as (Jadud, 2006) and (Watson et al., 2013), which relied on a single feature,
achieved lower accuracy rates (<66%) when using data from the entire course. A comparable
result to ours can be seen in (Costa et al., 2017), who achieved a similar result (80%), although
they utilized demographic features. While demographic attributes might be reliable predictors,
stakeholders have no control over student demographics, making them less practical in the context
of our work, for which behavioral attributes prove more valuable, as they allow stakeholders to
encourage effective behaviors and guide ineffective ones.

It is noteworthy that some of the proposed predictive models have explainable decisions.
This enables the identification of potentially effective programming behaviors, characterized by
the variables in the programming profile, that can increase or decrease students’ chances of passing
the course. To explain the models, we employed the SHAP framework (Lundberg & Lee, 2017),
which allows for the explanation of each decision made by the predictive model. Using SHAP
in our most accurate predictive model, an important finding of our research was the ability to
observe and highlight students’ individuality, meaning that different variables may have more or
less influence on the prediction for each student. For example, the procrastination variable might
be more or less harmful for different student profiles. Some students who leave their assignments
until the last minute can still performance in the course, although this is rare. For such students, a
different intervention strategy may be possible. We aim to encourage effective learning behaviors
and discourage ineffective and harmful ones. Our explainable predictive model (Pereira et al.,
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2021) support this.

Although explainable predictive models can provide valuable information for decision-
making, it is important to remember that each student is unique, and not all behaviors are easily
modifiable. When procrastination is a recurring problem in the class, it may be more effective
for the instructor to suggest that students invest more time and attention in the activities. On the
other hand, aspects such as keystroke latency may be more challenging to modify, and therefore
interventions in this regard may not be as effective.

Furthermore, each student learns to program at their own pace, so ideally they should be
challenged to learn as much as possible while considering their limitations and strengths in learn-
ing. To illustrate, with our performance prediction model (Pereira, 2022), it is possible to identify
students who quickly complete the exercise list with low effort. These students may feel bored or
even frustrated. One potential solution would be to recommend more challenging programming
activities to keep these students engaged in the course (Pereira et al., 2022).

Observe that a student may begin the course with success but could still fail for various
reasons. Conversely, a student may start with difficulty but then succeed. By estimating student
performance over time, our model can identify inflection points – moments where a change occurs
in performance prediction. For instance, a student may have a 90% chance of passing by the end
of the third week but only a 50% chance by the end of the fifth week. This inflection point can
be communicated to the instructor so that they can intervene. This concept is also useful for
examining the impact of methodological interventions that teachers may implement during the
course. For example, a teacher may experiment with a new pedagogical approach from the fourth
to the sixth week and then compare predicted student performance at both points.

Additionally, a visualization panel containing easily interpretable graphs on students’ chances
of passing and their effective and ineffective behaviors can be a valuable resource for instructors
and coordinators to more informatively evaluate the process of code production and the learning
path of students, not just limiting themselves to the final product delivered. With this tool, it is
possible to obtain insights on students’ performance and effort throughout the course.

6 Learning Analytics for Classification of Difficulty of Programming Exer-
cises

In general, online judges offer self-correcting programming code-writing exercises. Each exercise
consists of three parts:

1. statement: this is what is shown to students: text in natural language, equations, images,
videos, among other elements (Pelánek et al., 2022). The statement can also be decomposed
into: specification, tips, example test cases (inputs and corresponding outputs) and support
files;

2. test cases: these are ordered pairs <input, output> used to test solution codes submitted by
students, but hidden from them;

3. solution template code: this is a reference code, valid for all test cases in the question. This
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code is developed by the instructor and entered into the system for documentation purposes
when creating the question, and is not used to correct the student’s solution code. Therefore,
it is not accessible to the student.

Once registered in the online judge, the exercise is immediately available to be used in
activities for students, who will try to answer it by writing, testing and submitting code, using the
Integrated Development Environment. Log data is generated from the student’s interaction with
the exercise, such as typed and deleted characters, successful and unsuccessful submissions, date
and timestamps, and activity and inactivity time in the IDE, among others. This data is stored in
the online judge and constitutes a complementary set of information associated with each exercise.

A common task instructors perform within online judges is the creation of assignments.
These need to be carefully planned so that they are properly balanced, with questions arranged
in order of increasing difficulty, to promote a smoother learning curve (Effenberger, Cechák, &
Pelánek, 2019). For this, the online judge should inform the degree of difficulty of the questions
already resolved and estimate the difficulty of new questions based on the similarity with others
already resolved (Effenberger, Cechák, & Pelánek, 2019). However, how to define "difficulty" in
more objective terms? What characteristics of a coding problem (statement, test cases, instruc-
tor template code, interaction data) contribute to greater "difficulty" or "complexity"? Can the
terms "difficulty" and "complexity" be used interchangeably? It is necessary to clarify these two
concepts before formally presenting the objectives of this work.

Liu and Li (2012) found and systematized the variety of understandings about the complex-
ity and difficulty of human tasks, in different contexts, and the educational context. They pro-
pose the following distinction: “task complexity involves the objective characteristics of a task,
whereas task difficulty involves the interaction among task, task performer, and context character-
istics”. Beckmann et al. (2017) propose a similar differentiation: “complexity is conceptualized
as a quality that is determined by the cognitive demands that the characteristics of the task and the
situation impose. Difficulty represents the quantifiable level of a person’s success in dealing with
such demands”.

From these works, Sheard et al. (2013) and Pelánek et al. (2022) instantiate these two con-
cepts in developing learning systems. According to them, the "complexity" of a question is an
intrinsic characteristic of the question item, adding aspects of the item that influence how students
solve it. For example: extension of the statement, number of programming concepts worked on,
number of control structures needed for the solution, cyclomatic complexity, among others. The
"difficulty" describes the students’ effort to solve a question. In programming questions, some
difficulty metrics used are the following: rate of incorrect (or correct) answers, median response
time, number of attempts, the proportion of use of hints, and number of code edits to build the
answer, among others.

An easy way to discern the concepts of "complexity" and "difficulty" is by looking at the
nature of the data used to calculate a specific measure (Pelánek et al., 2022): if only the question
description is used, then we have a complexity measure; on the other hand, if data from the record
of student interaction actions (log) with the question are used, then we have a measure of difficulty.

In (P. Santos et al., 2019), the authors analyzed only the descriptive text of the utterance
programming issues as a source of complexity measures. Considered the following complexity
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variables: Flesch index of readability (ease of reading) and the incidence of adjectives, adverbs,
pronouns, verbs and logical operators.

As difficulty metrics, the following variables were used:

• mean number of executions: the average testing students have done of the solution code,
using only the IDE console, without submitting to the judge’s automatic correction online.

• mean number of submissions: average number of attempts by students to submit your
code for online judge autocorrection.

• success rate: ratio of the number of students who answered the question correctly to the
number of students who received the question in assessment activities.

• mean solution time: average interaction times of each student with the IDE during the
solution of a given question.

In this analysis, programming questions used only in face-to-face assessments were con-
sidered to reduce a plagiarism bias in the sample. Face-to-face assessments are carried out in a
controlled environment: only the MAC address of the machines in a given teaching laboratory can
access the assessment in the online judge. Furthermore, the presence of an instructor and a tutor
inhibits cheating behavior. Questions that at least 30 students had solved were also considered
to reduce the bias of inadequate sample size. In this way, it is more certain that the extracted
measures corresponded more to a description of the questions than individual student behaviors.

The variable "success rate" was broken down into five categories, according to the "ease
index" classification adopted by the Brazilian National Institute of Educational Studies and Re-
search Anísio Teixeira (INEP) in the analysis of the results of the National Student Performance
Examination (Enade) (INEP, 2017), according to Table 1.

Table 1: Classification of questions by ease index. Fonte: (INEP, 2017).

Success rate Labels

≥ 0,86 Very easy
0,61 a 0,85 Easy
0,41 a 0,60 Medium
0,16 a 0,40 Difficulty
≤ 0,15 Very difficulty

As a result, in (P. Santos et al., 2019), it was found that the difficulty variable “success
rate” was the one that could be classified most accurately (75%). However, low or insignificant
correlations were found between the textual intelligibility variables (complexity) and the difficulty
variables.

Some more recent works sought to explore metrics extracted directly from the solution code
to estimate the difficulty of questions. Therefore, we followed this research trend by exploring the
potential of predicting the difficulty of programming questions based on the solution code model
registered by the instructor in our online judge.
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In this way, the complexity of the questions, expressed in terms of software metrics ex-
tracted from the instructor’s model solution code, can be used as a predictor of the difficulty of the
questions, expressed in terms of the success rate.

In (Lima et al., 2020), we collected a set of 91 attributes of model solution codes from
a total of 354 programming questions used in face-to-face exams. Unlike the works mentioned
above, the extraction process was automated using the Radon and Tokenize libraries of the Python
programming language. In addition to enabling large bases, it mitigates possible errors caused by
manual attribute extraction.

The set of attributes, which express part of the complexity of each question, was used to
predict the difficulty of the questions, defined again as a function of the success rate. While each
set was extracted from the code or derived from attributes extracted from the code, they can be
categorized into two groups:

• attributes based on code size: describe the macro characteristics of the code, such as: the
number of lines of code, number of logical lines, number of blank lines, number of lines
with comments and cyclomatic complexity.

• attributes based on lexical analysis: describe the code from extracted tokens, such as: key-
words, identifiers, strings, numeric values and operators.

Again, we employed the "ease index" classification adopted by INEP (see Table 1). How-
ever, the variable “success rate” has now been discretized into just two categories, modeling the
difficulty predication problem as a binary classification problem, as shown in Table 2.

Table 2: Discretization of success rate for difficulty.

Success rate INEP ease index Binary labels

≥ 0,86 Very easy
Not difficulty0,61 a 0,85 Easy

0,41 a 0,60 Medium

0,16 a 0,40 Difficulty Difficulty≤ 0,15 Very difficulty

Building upon this, we will present the results in the next section, which are based on binary
classification, and engage in a discussion about them.

6.1 Results and Discussion

As a result, in (Lima et al., 2020), we estimated the exercises’ difficulty expressed by the binary
discretization of the "success rate", with 95% accuracy and 81% f1-score. For this, we employed
an ensemble of classifiers combined in two levels by means of stacking (Wolpert, 1992).

Although the whole set of questions comes from face-to-face exams of the same course,
there is a natural and gradual evolution in the level of difficulty or easiness of the questions. This
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occurs because, as the course progresses, new programming concepts are taught, thus increasing
the complexity of the solution codes.

As the syllabus of the CS1 course is divided into seven modules, in (Lima et al., 2021b)
we sought to explore the classification of questions within each module. For this, the hit rate was
discretized regarding the ease of programming questions within each course module, as shown in
Table 3.

Table 3: Distribution of Questions for Binary Classification.

Module # Features # Problems Labels
Easy Not easy

M01 56 66 84,8% 15,1%
M02 65 59 86,4% 13,5%
M03 72 58 72,4% 27,6%
M04 73 42 23,8% 76,2%
M05 74 44 56,8% 43,2%
M06 83 33 66,7% 33,3%
M07 81 52 69,2% 30,8%

This stratification of the set of questions made it possible to understand that the set of most
important attributes for the classifiers varies according to the course’s modules. Therefore, trying
to classify the whole set of questions is a more arduous task than when we stratify by modules, as
this way we group more similar questions, eliminating noise.

In addition, it was possible to identify that as the course progresses, the number of “easy”
questions decreases and, on the other hand, the number of “not easy” questions increases. It was
also possible to observe that Module 04 (while loops) was the only one that had a lower number
of questions labeled "easy" than the number of questions labeled "not easy". Thinking about
the success rate, this means that students need some help dealing with questions about repetition
structures for the first time.

As a result, it was possible to classify questions stratified by module with a final accuracy of
92% and f1-score of 94% using the same stacking technique. The results obtained exceed those
found in (Lima et al., 2020) indicating that the stratification of questions improves the classifica-
tion process by grouping similar questions. Finally, stratification also allows the use of a smaller
amount of features, thus reducing the computational cost.

According to (Effenberger, Čechák, & Pelánek, 2019), estimating the difficulty in program-
ming questions requires a sufficient amount of data. Each question must be presented to a reason-
able number of students so that the metrics used to represent the difficulty are valid. This stems
from an issue with few solution attempts that could present biased and unrepresentative metrics.
The optimal value depends on the chosen metric to represent the difficulty.

In this sense, in (Lima et al., 2021a) we sought to evaluate the behavior of the success rate
with different trial filters (thresholds). Analyzing Figure 8, it is observed that by decreasing the
threshold value, that is, accepting questions with few attempts, we add noise to the distribution,
compromising the representativeness of the success rate values. On the other hand, when we
increase the threshold value, we have distributions with less noise, but increasingly reducing the
sample size. Therefore, based on the distribution curves, the value 16 was adopted as a threshold
for reducing the bias of the correct answer rate, still maintaining 405 questions from the initial
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sample.

Figure 8: Success rate curves by students attempts.

Although often used to express the difficulty of programming questions, the success rate
is not the only viable metric (Elnaffar, 2016; Whalley & Kasto, 2014; Effenberger, Čechák, &
Pelánek, 2019). In this sense, in (E. S. Silva et al., 2022) nine metrics (indicators) were explored
to express the difficulty of programming issues:

• success rate: the percentage of students who answered the question correctly;

• implementation time: median time spent by students to solve the question;

• number of executions: median number of times students ran their own test solution;

• number of submissions: median number of times students submitted their solution code for
automatic correction by the online judge;

• number of queries: sum of total plays and commits;

• error query rate: percentage of queries (executions and submissions) that presented an error
(syntactic or logical);

• interaction events: median of the total number of events (student interactions) recorded in
the log files during question resolution;

• removal events: median number of total text removal events in the solution code (delete or
backspace keys pressed);

• change events: median of total number of student solution code change events;
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The same approach as in previous works was used for the prediction of difficulty, discretiz-
ing the metrics into two classes, thus transforming the prediction into a binary classification prob-
lem. Except for the success rate and the rate of queries with errors, all other metrics use the median
as a centrality measure and a discretization threshold. This stems from the fact that the distribu-
tions of these metrics tend to be asymmetrical. Although they have a lower limit (zero), there is
no defined upper limit. For example, a student can make multiple submissions for a question.

Additionally, an analysis of the Spearman correlation between the metrics was conducted
so that it was possible to understand how they behave and also identify metrics that could be dis-
carded. Among the observations, moderate negative correlations were found between the "success
rate" and the "number of executions" (−0.58,ρ ≪ 0.001), which makes it possible to understand
that the questions with the highest hit rate also present few executions carried out by the students.

Table 4 presents the results of the classifiers for each difficulty metric sorted by f1-score and
accuracy. It is observed that although the "success rate" was still the metric with the best results,
we also have good results for the metrics "rate of queries with error", "implementation time" and
"interaction events". These results are significant as they show that other variables can express
portions of the effort required by the question, thus complementing the instructor’s vision and
understanding when preparing the question.

Table 4: Classification results by difficulty metric.

Difficulty metric Classifier F1-score Accuracy

Success rate SVC .920 .852
Error queries rate SVC .751 .783
Implementation time XGBoost .732 .741
Interaction events XGBoost .725 .746
Remove events LinearSVC .690 .717
Change events XGBoost .642 .654
Executions XGBoost .618 .662
Queries XGBoost .608 .630
Submissions XGBoost .560 .743

Aiming to explore the metrics of difficulties in regression models, Fernandes et al. (2023)
conducted a study addressing the classification of questions into two and three levels and using
regression models. The difficulty metrics (dependent variables) set in (E. S. Silva et al., 2022)
were expanded to thirteen metrics. For the binary classification models, the metrics were again
discretized using the median, except the success rate, which continued to be discretized according
to the "INEP ease index". For the ternary classification, the discretization was based on tertiles so
that the first, second, and third tertiles correspond to the labels "easy", "medium", and "difficult".
For the regression models, three metrics were used: mean absolute error (MAE), relative absolute
error (RAD), and the adjusted coefficient of determination (R2

ad j).

For regression, the "implementation time" metric showed the best results for the adjusted
coefficient of determination (R2

ad j = 0.63) and also the lowest absolute relative error (RAE = 0.54).
In contrast, lowest mean absolute error values were obtained with the metrics "correctness rate"
(MAE = 0.08) and "success rate" (MAE = 0.09). For the binary classification, the variable with
the best result was the "success rate", with an f1-score of 88%. For the three-level classification,
the best metric was "implementation time" with an f1-score of 67%.
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Although the two-level classification obtained better results, analyzing the confusion matrix
for the "success rate" in Figure 9, it is observed that there were more false-negatives than true-
negatives for the "difficult" class, which shows that the model was not able to generalize well,
probably due to the imbalance between classes, thus tending to classify most questions as "easy".
On the other hand, the confusion matrix for the "implementation time", although it obtained a
lower accuracy, presented a better performance when we observed the "difficult" class.

Figure 9: Confusion matrix for success rate and implementation time.

Finally, the evaluated difficulty metrics are adequate for a two-level classification. At the
same time, they are still unfeasible for a three-level classification (much more expressive when we
think of the instructor), considering the analyzed data set.

7 Learning Analytics for Gamification

Game Learning Analytics (GLA) is a branch of the LA field that analyzes data from educational
games, with the main focus being evaluating learning outcomes (Freire et al., 2016). Although
GLA is primarily focused on serious games, some researchers (Klock et al., 2018; Maher et al.,
2020) have explored the use of data from gamified systems. For example, Klock et al. (2018)
presented the use of LA techniques incorporated into a gamified environment based on game el-
ements implemented within the system, such as points, challenges, leaderboards, and donations.
The techniques enabled students to visualize their progress and performance to increase user satis-
faction and engagement. Following the customization approach, Maher et al. (2020) demonstrated
how LA techniques were applied to adapt gamification to the preferences of individual students,
i.e., the content was designed and reorganized to meet the individual needs of each student.

One of the reasons for using GLA in useful applications is to measure the effect of interven-
tions on the target audience. For instance, although educational games are widely used tools, there
are still challenges regarding their evaluation to determine whether they are genuinely effective
and capable of assisting learning. Most game evaluations are based on pre- and post-test ques-
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tionnaires, which may need to be revised to understand whether learning has occurred (Calderón
& Ruiz, 2015), thus requiring more robust evaluations. In this context, the possibility arises of
using interaction data generated by people during game or gamification use to conduct analy-
ses (Alonso-Fernandez et al., 2017).

Among the possibilities for analysis in the GLA field are: player profiles, similar player
groups, dropout rates, active players, performance prediction, learning evaluation, engagement,
game design validation, feedback effects evaluation, and dashboard creation (Alonso-Fernandez
et al., 2017; D. Silva et al., 2021).

Given this context, our research group developed a gamification platform called CodePlay.
It incorporated it into our online judge system, CodeBench, to enhance student engagement and
improve learning outcomes. However, to ensure the platform is compelling, evaluating its impact
on student performance (Pessoa et al., 2019; Pessoa, 2022) is crucial. Data analysis techniques can
be implemented to assess how gamification influences student behavior and learning outcomes.

To conduct research involving the CodeBench gamification platform, all student interactions
with the platform are captured through a logging system. Some examples of game elements with
which students can interact are:

1. Coins: players can earn coins as a reward for answering exercises correctly, or by unlocking
locations or missions.

2. Experience Points (XP): players can earn experience points as a reward for answering exer-
cises correctly or unlocking locations or missions.

3. Ranking: players can access the ranking to view the performance order of all students in
their class in decreasing order of XP.

4. Infobox: when hovering over a player’s avatar, an information box about the player can be
displayed, including coins, XP, and weapons.

5. Secret passages: There is at least one secret passage in each game stage. Finding these
secret areas is optional for the player, who will receive rewards if they find them.

6. Easter eggs: the game has some Easter eggs (surprise elements in random locations) that the
player can find by exploring the environment.

7. Progress bar: the game has progress bars that show completed missions, unlocked locations,
secret areas, and found Easter eggs.

8. Minimap: the game has a minimap that users can use to view their location or find other
locations on the map.

9. Messages: the game allows users to send messages to others users.

10. NPCs (non-player characters): the gamer has several NPCs with which the player can inter-
act. NPCs provide hints about the game’s plot, missions, and objectives.

11. Donations: the game allows users to donate coins, points, and XP to others players.
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12. Diary: the game has a diary containing the main and secondary missions of the stage the
player is on.

13. Item menu: the game has an item menu (weapons, armor, and potions).

14. Equip menu: the game has an equip menu for the player to equip their character with
weapons and armor.

15. Sound: the game can turn the sound on/off.

16. Player menu: the gamer has a player menu where donations or messages can be sent by
selecting a colleague.

17. Other options menu: the game has a menu with keyboard shortcuts, teleport, minimap,
minimap legend, and help options

18. Glasses: the top three players in the game (who accumulate the most coins and experience
points) are rewarded with glasses to stylize their avatars.

19. Anarchist choices: the game has anarchist options (that can harm other players, or just
identify flaws in order to help).

20. Secondary missions completed: besides main missions, the game has optional secondary
missions in each phase.

21. Group: other game has three honor groups (gold, silver, and bronze), and each player’s
group is defined by the experience points accumulated during the phases.

The log system provides data that enable research, mainly in two areas: (i) computer educa-
tion: impact of gamification on the performance and behavior of students in programming courses,
and (ii) gamification: user profile analysis, identification of profiles based on usage data of game
elements, identification of most and least used elements, in the overall context and by user profile;
analysis of game element preferences by user profiles, among others.

Table 5 presents how the data is stored when captured in the gamification integrated with
the CodeBench online judge. It can be observed that the log system starts by registering the date
and time of each action in the system, the user identifier, the class identifier that the student is
enrolled in, the name of the event, and, lastly, details related to the event. The event name is
usually associated with using a game element in gamification. For example, in the first row of
data in Table 5, the user with identifier number 6994, belonging to class number 387, hovered
over their user avatar. The same row has other information about the event, such as the game map,
location on the map, and position on the screen. It is important to note that all data is anonymized,
thus complying with the LGPD.

As shown in Table 5, having a logging system and capturing all user actions in gamifica-
tion is essential but insufficient. To conduct meaningful analyses using gamification data, it is
necessary to process the captured logs to represent the presented game elements accurately and
to uncover hidden patterns. This will enable researchers to conduct experiments of interest to the
GLA field. Therefore, data preprocessing and preparation are crucial steps in making gamification
data useful for GLA.
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Table 5: Examples of logs captured in CodePlay.

Logs do CodePlay

2022-05-19T16:02:43.160 6994 387 infobox {"userId":6994,"posX":10,"posY":51,"map":1,"mapRoot":1}
2022-05-19T16:21:00.444 7004 387 saveMoedas {"amount":5,"type":"gold","switch":5,"map":71,"mapRoot":1}
2022-05-19T16:26:03.503 7004 387 minimapa {"map":1,"mapRoot":1}
2022-05-19T16:27:51.772 7004 387 npc {"npc":"Nashao_Freiheit","eventId":7,"page":2,"map":1,"mapRoot":1}
2022-05-20T12:12:45.611 2841 371 quest {"id":1,"step":1,"end":false,"map":1,"mapRoot":1}

One useful application of GLA is to offer personalization or customization (Klock et al.,
2020), allowing the environment to adapt to user profiles or for users to customize it themselves. In
the literature, several proposals for classifying users (Bartle, 1996; Barata et al., 2014; Nacke et al.,
2014; Tondello et al., 2019) divide players according to their preferences and behaviors within the
environment. Specifically in gamification, the Hexad model (Marczewski, 2015) classifies users
into six types: philanthropists, socializers, free spirits, achievers, players, and disruptors. These
user types are motivated by different aspects of the useful application. For example, achievers
enjoy completing challenges and gaining new skills, while socializers prefer to use chats and
interaction mechanisms with other participants.

Based on the Hexad user types, an analysis was conducted on using game elements using
data captured in CodePlay (Pessoa et al., 2021). The study was conducted during the first semester
of 2021 with IPC students at UFAM. Due to the Covid-19 pandemic, classes were held remotely.
Therefore, only students who interacted with at least one element of the game’s second phase,
which students gain access to after a month of class, were considered in the study. The students
also answered the Hexad questionnaire to identify their player profiles.

To analyze the usage of game elements, 22 study variables were selected to reflect the ele-
ments above, including:

• The total number of times players accessed the progress bar, the diary, the ranking, the
equipment menu, the items menu, the player’s menu, and the other options menu.

• The number of times players turned on the sound, made the minimap visible and received
recognition through their glasses.

• The total sum of experience points (XP) and coins.

• The total number of interactions with NPCs (non-player characters), messages sent to class-
mates, and messages received from classmates.

• The total number of items donated and received, completed secondary missions and secret
passages found, Easter eggs discovered, anarchist choices made, and times players hovered
their mouse over another player’s avatar to obtain information (infobox).

Since the variables have different value ranges (for example, the total number of times play-
ers interact with NPCs is much larger than the number of messages sent and received, the data was
normalized using the Z-score normalization strategy, which scales the data to be between zero and
one. Building on this, we will now proceed to present the results and provide some discussion
regarding them.
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7.1 Results and Discussion

To be classified with a single dominant profile, a user must obtain the highest score in one of
the six classes (Free Spirit, Achiever, Player, Philanthropist, Socializer, and Disruptor). However,
sometimes the user may achieve the highest score in multiple classes. For the study, only students
with a single dominant profile were considered, resulting in 72 students.

Among the 72 students, none were identified as Disruptors. The distribution of player types
was as follows:

• Free spirit, n = 14 (19%);

• Achiever, n = 23 (32%);

• Player, n = 14 (19%);

• Philanthropist, n = 17 (23%);

• Socialiser, n = 5 (7%).

In order to analyze the usage of the elements, the students were grouped according to their
Hexad player type. Figure 10 presents a graph depicting the relationship between the elements
and the player types. Visually, it can be observed that there are differences in the behaviors of the
player types.

According (Marczewski, 2015), achievers enjoy winning challenges and completing tasks.
In CodePlay, this type of player used all elements except for two (donated and received items).
Their average completion rate of secondary missions was high, which agrees with the literature
regarding the resolution of challenges.

Free spirits also made use of most elements, except visiting secret areas. It is noticeable
that these users had high usage averages for most elements, except for donated items, collected
coins, and sent/received messages. According to the literature, free spirits like to explore the
environment (Marczewski, 2015). The use of various types of elements supports this fact, as
accessing the elements requires exploration of the environment. Free spirits also scored high in
Easter eggs, which are hidden game elements within the CodePlay environment, meaning that
accessing them also requires exploration. The same does not apply to the secret area, as none
of the free spirits accessed this element. However, free spirits had the highest average among all
user classes in accessing the leaderboard, a competition element that, according to the literature,
is more suited for the player type.

Philanthropists are users who enjoy helping others without expecting any reward in re-
turn (Marczewski, 2015). Therefore, this type of user highly recommends elements such as do-
nations. Although philanthropists have used most of the elements, except for the secret area, and
received donations, they could have had a higher average in donating items, which contradicts the
literature’s findings.

Players are motivated by extrinsic elements, meaning that they enjoy earning rewards such
as coins and prizes, and they are also competitive (Marczewski, 2015). This user group was the
only one to use all types of elements, with only a few low scores. Although they did not have a
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Figure 10: Usage of game elements according to player type.

high average in collecting coins, players earned much experience, which is also recommended for
this type of user. Players donated/received many items and sent/received many messages, char-
acteristics that, according to the literature, are more in line with philanthropists and socializers,
respectively.

The socializers are primarily motivated by social interaction (Marczewski, 2015). Despite
being the smallest group among the students, they were expected to use the messaging feature
more to interact with other players. However, they obtained the lowest average among all groups.
Socializers were also the users who utilized the fewest game elements, standing out only in col-
lecting coins.

As is the case in other research (Mora et al., 2019; Rogers et al., 2021), there needs to be
a consensus when evaluating which game elements are ideal for a given user profile. Depending
on the gamification style, users may prefer different game elements (Ferreira et al., 2023). If in
(Krath & von Korflesch, 2021) it was discovered that players like to collect things, in our research,
we identified that the game currency element was used less when compared to the other elements
used by the profile, for example.

Although there is no consensus, Hexad user types were used to classify users in this research
because it was the user type classification structure that obtained the best results (Pessoa et al.,
2023; Hallifax et al., 2019) and is specific to identify the profile of gamification users (Tondello et
al., 2016). However, more in-depth studies are needed: (i) Considering the characteristics inherent
to an RPG-style game, evaluate the extent to which the game may have influenced the type of user;
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(ii) the human conditions of the answers influence the questionnaire results. Although we have
eliminated the answers that were marked in a single answer, we cannot guarantee the quality of the
answers; (iii) the questionnaire was answered at the beginning of the semester, and the elements
were evaluated over two months. According to the literature, there may be changes in the user
profile over time (A. Santos et al., 2021). In this way, our findings reinforce the need to evaluate
user usage data to try to identify user profiles in order to offer game elements more aligned with
their profiles.

Analyzing the usage of game elements by different user types allows for verifying whether
the recommended elements for each profile are accessed by their respective types and identifying
which elements are most frequently used by the students. Such analysis of user profiles enables
improvements to be made to the Useful Application, such as changes in design, inclusion, and
exclusion of elements, or an increase in the frequency of appearance of certain elements. Fur-
thermore, it is possible to identify the combination of game elements that best influence academic
performance and correlate the impact of these elements on student learning.

8 Conclusions, limitations and future work

In this article, we presented several initiatives of the Federal University of Amazonas research
group that adopted a methodology based on practice and automatic code assessment in CS1
courses. The objective was to showcase the work of a national research group using educational
data collection from an online judge to do some LA. Furthermore, the CodeBench dataset is being
published for the first time in a scientific journal.

Concerning the topic of student performance prediction, the persistent problem of dropout
and failure in programming courses, particularly in STEM-related fields, has been a longstanding
concern that demands ongoing attention. In this study, we address this issue by applying Learning
Analytics techniques, focusing on the prediction of student performance. Our findings underscore
the fundamental importance of performance prediction as a valuable tool for identifying at-risk
students and providing targeted interventions. This approach can significantly enhance students’
chances of success, reduce attrition rates, and improve overall performance.

A significant contribution of this study is the emphasis on data granularity. We observed
that simple metrics, such as the number of attempts and correctness of answers, are only part
of the equation. Detailed analysis of attributes extracted from online judge logs revealed rich
and relevant information for performance prediction. The results of our predictive models are
promising, with an F1-Score of approximately 80% using data from the initial weeks of the course.
As more data is collected over time, model accuracy improves, reaching approximately 90% by
the sixth week. This demonstrates the models’ capability for adaptation and continuous learning.
Furthermore, our research underscores the importance of model explainability. Using the SHAP
framework allowed for a deeper understanding of the impact of different variables on student
performance, identifying effective and ineffective behaviors. This not only enhances prediction
quality but also provides valuable insights for educators.

Personalization and targeted intervention are essential aspects of our results. Recognizing
students’ individuality, our models not only predict performance but also suggest personalized
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interventions based on student behavior. This approach is critical for tailoring teaching to each
student’s specific needs.

While our research has achieved significant results, it also highlights the ongoing challenges
in the field of education. Not all student behaviors are easily modifiable, and the approach requires
a profound understanding of the factors affecting student performance.

Our exploration of programming exercise difficulty highlighted the critical distinction be-
tween complexity and difficulty. Complexity refers to the intrinsic characteristics of an exercise,
such as its description’s extent, the number of concepts involved, and its cyclomatic complexity.
On the other hand, difficulty pertains to the effort students must invest to solve the exercise.

We discussed a range of metrics to objectively measure programming exercise difficulty,
including the success rate, average implementation time, number of executions, number of sub-
missions, and more. Each metric provides a unique perspective on exercise difficulty. Strategies
for classifying exercises into different difficulty levels were explored, with module stratification
proving effective by grouping similar questions and reducing noise. The application of machine
learning techniques, such as classifiers and regressions, has been crucial in this process.

While our study has made significant progress in predicting exercise difficulty, we acknowl-
edge the potential for further research. Exploring alternative metrics and considering a broader
dataset can improve prediction accuracy and offer a more comprehensive understanding of ex-
ercise difficulty. The practical implications of our work in education cannot be overstated, as
instructors can create well-balanced assignments and closely understand student performance.
Despite this, the ability to classify exercises into different difficulty levels improves students’
learning experience and supports teachers.

In conclusion, this study unveils the potent intersection of Learning Analytics (LA) and
gamification as exemplified by the CodePlay platform, offering profound implications for ed-
ucational technology. The amalgamation of LA techniques with gamification, particularly in
CodePlay, addresses the age-old challenge of evaluating the effectiveness of educational games
and gamified systems. It transcends conventional assessment methods, such as pre- and post-test
questionnaires, towards a more robust and comprehensive evaluation paradigm.

CodePlay showcases a rich array of gamification elements thoughtfully integrated into edu-
cational platforms, including virtual currency, experience points, competitive rankings, and inter-
active features. These elements are strategically designed to elevate student engagement, satisfac-
tion, and overall learning outcomes.

A pivotal aspect of our research lies in the meticulous data acquisition and logging system
deployed in CodePlay, capturing a wide spectrum of student interactions. This dataset forms the
bedrock for in-depth analysis, offering invaluable insights into user behavior within gamified en-
vironments. To ensure uniformity in the analysis of data from diverse game elements, we employ
Z-score normalization, making the interpretation of user interactions systematic and insightful.

Leveraging the Hexad model for user categorization based on preferences and behaviors in-
troduces a dimension of personalization into gamification. Different user profiles, such as achiev-
ers and socializers, interact with game elements in distinct ways, highlighting the potential for
tailored educational experiences. Our study delves into a comprehensive analysis of user behavior
within CodePlay, harnessing the Hexad model to unveil how various player profiles engage with
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the platform’s diverse game elements and functionalities.

While this research significantly advances our understanding of the impact of gamification
on learning, it also underscores the imperative for ongoing exploration. The field of Learning An-
alytics for Gamification offers boundless prospects for further refinement of gamified educational
paradigms and the discovery of new research avenues.

8.1 Limitations

This study presents several limitations that should be taken into account when interpreting the
findings. One of the limitations pertains to the source of the collected data, which is confined
to a single educational institution. This limitation may impact the generalizability of the results
to a broader context. However, it is worth noting that the data were gathered from CS1 courses
spanning multiple years and encompassed students from various academic disciplines. This di-
versity in the dataset may partially mitigate this limitation, although applying the findings to other
institutions should be done cautiously.

Additionally, a limitation of this study is associated with the challenge of addressing the is-
sue of imbalanced problem difficulty levels in the context of introductory computer programming
courses. In such courses, a significant proportion of the problems are inherently easy, resulting in
an imbalanced distribution of difficulty labels. This imbalance introduces challenges in training
and evaluating models for problem difficulty classification.

Furthermore, the integration of gamification elements in an educational context can be
highly contextual and may significantly vary between institutions. Therefore, generalizing the
results related to gamification should be approached with caution, taking into account the speci-
ficities of each educational environment. These limitations underscore areas that warrant attention
in subsequent studies and provide a foundation for the development of more robust and generaliz-
able approaches in Learning Analytics, considering the diverse gamification practices in different
contexts.

These limitations highlight areas that deserve attention in subsequent studies and provide a
foundation for the development of more robust and generalizable approaches in Learning Analyt-
ics.

8.2 Future work

As future directions for research, we are working on the development of new metrics for descrip-
tive and diagnostic analytics based on students’ behaviors in online judges. The purpose of such
metrics is to help teachers identify possible student difficulties, as well as identify topics in their
subjects that need to be reinforced in the classroom. We will employ methods of Visual Learn-
ing Analytics and Educational Data Storytelling to assist teachers in interpreting the values and
dynamics of these metrics.

Additionally, we are also studying techniques to cluster the codes developed to a given
exercise according to the strategies adopted by students to solve the exercise. Our idea is to
provide teachers, through these clusters, with a comprehensive overview of the codes developed
by students for a given exercise, without the need to examine each code individually.
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Finally, we are also working on a new method to estimate the difficulty level of programming
exercises that have not yet been solved by any student in the online judge system. In the same way
as in (Lima et al., 2020), in this method we also intend to use the instructor’s model solution code
to conduct such task. However, instead of using code metrics as proposed in (Lima et al., 2020),
we will search for exercises whose students-developed codes are similar to the model solution
code registered by the instructor. Once such exercises are found, the difficulty level of the new
exercise will be estimated based on the difficulty level of the exercises found. The intuition behind
this technique is that exercises with similar solutions have similar difficulty levels.

Our research contributes to the fields of machine learning and education by demonstrating
the effectiveness of data-driven interventions in addressing persistent issues in STEM courses.
We hope this study provides a solid foundation for future research and innovations in the field of
education.
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-- CURRENT DEGREE COURSE:
---- course id: 8
---- course name: Materials Engineering
---- institution id: 1
---- institution name: Federal University of Amazonas
-- HIGH SCHOOL:
---- high school name:
---- school type: public school
---- shift: afternoon shift
---- graduation year: 2019
-- PERSONAL COMPUTER:
---- has a PC at home: yes
---- share this PC with other people at home: yes
---- this PC has access to Internet: yes (high-speed Internet)
---- previous experience of any computer language: no
-- WORK:
---- worked or interned before the degree: no
---- company name: n/a
---- year started working: n/a
---- year stopped working: n/a
-- PREVIOUS DEGREE:
---- started other degree programmes: no
---- degree course: n/a
---- institution name: n/a
---- year started this degree: n/a
---- year stopped this degree: n/a
-- OTHER INFORMATION:
---- sex: male
---- year of birth: 2002
---- civil status: single
---- have kids: no

File sample /user/logins.log of the student 5052 in Figure 4.

2020-09-08 10:49:28#user/login.
2020-09-08 10:55:20#user/login.
2020-09-09 13:38:59#user/login.
2020-09-09 14:31:33#user/login.
2020-09-17 10:05:41#user/login.
2021-03-30 19:06:40#user/login.
2021-04-02 12:38:36#user/login.
2021-04-02 17:33:59#user/login.
2021-04-03 00:44:39#user/login.
2021-04-05 12:09:02#user/login.
2021-04-10 10:54:20#user/login.
2021-04-12 12:19:25#user/login.
2021-04-19 10:42:46#user/login.
2022-10-26 14:07:32#user/login.
2022-10-26 14:57:18#user/logout.
2022-10-31 14:24:14#user/login.
2022-10-31 15:39:58#user/logout.
2022-11-01 13:29:44#user/login.
2022-11-07 14:05:56#user/login.
2022-11-07 14:07:28#user/login.
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File sample /user/events.log of the student 5052 in Figure 4.

{"date":"26/10/2022@14:10:34:79","page":"material/index","turma":"438",
"evento":"acesso"},
{"date":"26/10/2022@14:10:37:667","page":"turma/trabalhos","turma":"438",
"evento":"acesso"},
{"date":"26/10/2022@14:10:43:272","page":"turma/view","turma":"438",
"evento":"acesso"},
{"date":"26/10/2022@14:17:9:528","page":"material/index","turma":"438",
"evento":"acesso"},
{"date":"26/10/2022@14:17:10:874","page":"material/download","turma":"438",
"itemId":"2542","evento":"acesso"},
{"date":"26/10/2022@14:17:35:911","page":"material/download","turma":"438",
"itemId":"2526","evento":"acesso"},
{"date":"26/10/2022@14:51:15:497","page":"turma/view","turma":"438",
"evento":"acesso"},
{"date":"31/10/2022@14:26:17:588","page":"turma/view","turma":"438",
"evento":"acesso"},
{"date":"31/10/2022@14:26:21:26","page":"material/index","turma":"438",
"evento":"acesso"},
{"date":"31/10/2022@14:26:25:925","page":"material/download","turma":"438",
"itemId":"2525","evento":"acesso"},

File sample /codes/3927_1326.py of the student 5052 in Figure 4.

a=40
b=35
print(a+b)

File sample /codemirror/3927_1326.log of the student 5052 in Figure 4.

2022-10-31 14:20:15.907#tab-click:1326#
2022-10-31 14:20:15.941#viewportChange#0
2022-10-31 14:20:19.972#mousedown#{"isTrusted":true}
2022-10-31 14:20:19.976#focus#
2022-10-31 14:20:21.265#mousedown#{"isTrusted":true}
2022-10-31 14:20:37.256#keydown#{"key":"4"}
2022-10-31 14:20:37.257#keypress#{"key":"4"}
2022-10-31 14:20:37.257#change#{"from":{"line":0,"ch":2,"sticky":null},"to":
{"line":0,"ch":2,"sticky":null},"text":["4"],"removed":[""],
"origin":"+input"}
2022-10-31 14:20:37.429#keydown#{"key":"0"}
2022-10-31 14:20:37.429#keypress#{"key":"0"}
2022-10-31 14:20:37.430#change#{"from":{"line":0,"ch":3,"sticky":null},"to":
{"line":0,"ch":3,"sticky":null},"text":["0"],"removed":[""],
"origin":"+input"}
2022-10-31 14:20:37.444#keyup#{"key":"4"}
2022-10-31 14:20:37.508#keyup#{"key":"0"}
2022-10-31 14:20:37.861#keydown#{"key":"Shift"}
2022-10-31 14:20:38.150#keydown#{"key":"Enter"}
2022-10-31 14:20:38.151#keypress#{"key":"Enter"}
2022-10-31 14:20:38.152#change#{"from":{"line":0,"ch":4,"sticky":null},"to":
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{"line":0,"ch":4,"sticky":null},"text":["",""],"removed":[""],
"origin":"+input"}
2022-10-31 14:20:38.158#viewportChange#0
2022-10-31 14:20:38.292#keyup#{"key":"Enter"}
2022-10-31 14:20:38.358#keyup#{"key":"Shift"}

File sample /executions/3927_1326.log of the student 5052 in Figure 4.

== TEST (2022-10-31 14:20:55)
-- CODE:
a=40
b=35
print(a+b)

*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*
== TEST (2022-10-31 14:21:00)
-- CODE:
a=40
b=35
print(a+b)

*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*
== SUBMITION (2022-10-31 14:21:06)
-- CODE:
a=40
b=35
print(a+b)
-- EXECUTION TIME:
0.240713
-- TEST CASE 1:
---- input:
xx
---- correct output:
75
---- user output:
75
-- GRADE:
100%

*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*-*

File sample /grades/3927.log of the student 5052 in Figure 4.

---- grade (0-10): 10
---- number of exercises: 16
---- correct: 16
---- incorrect: 0
---- blank: 0

File sample /grades/final_grade.data of the student 5052 in Figure 4.

6.48

File sample /mousemove/3927.log of the student 5052 in Figure 4.
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{"date":"31/10/2022@14:18:40:465","e":0,"x":60,"y":225},
{"date":"31/10/2022@14:18:40:482","e":0,"x":60,"y":230},
{"date":"31/10/2022@14:18:40:715","e":"mousedown"},
{"date":"31/10/2022@14:18:40:718","e":0,"x":61,"y":231},
{"date":"31/10/2022@14:18:40:733","e":"mouseup"},
{"date":"31/10/2022@14:18:42:149","e":996,"x":67,"y":230},
{"date":"31/10/2022@14:18:42:182","e":996,"x":75,"y":229},
{"date":"31/10/2022@14:18:42:198","e":996,"x":78,"y":229},
{"date":"31/10/2022@14:18:42:236","e":996,"x":79,"y":229},
{"date":"31/10/2022@14:18:42:617","e":996,"x":70,"y":224},
{"date":"31/10/2022@14:18:42:684","e":996,"x":62,"y":220},
{"date":"31/10/2022@14:18:42:701","e":996,"x":61,"y":220},
{"date":"31/10/2022@14:18:42:717","e":996,"x":60,"y":219},
{"date":"31/10/2022@14:18:42:734","e":996,"x":59,"y":219},
{"date":"31/10/2022@14:18:42:766","e":996,"x":58,"y":219},
{"date":"31/10/2022@14:18:42:815","e":996,"x":57,"y":218},
{"date":"31/10/2022@14:18:42:816","e":"mousedown"},
{"date":"31/10/2022@14:18:42:951","e":"mouseup"},
{"date":"31/10/2022@14:18:43:777","e":994,"x":90,"y":221},
{"date":"31/10/2022@14:18:43:793","e":994,"x":184,"y":235},
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