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Abstract: The ability to program has become an essential competence for individuals in an
increasingly digital world. However, access to programming education remains unequal,
particularly in non-WEIRD (Western, Educated, Industrialized, Rich, and Democratic)
contexts. This study presents a dataset resulting from an educational intervention designed
to foster programming competencies and computational thinking skills among primary
school students aged 8 to 12 years in Milagro, Ecuador. The intervention integrated Scratch,
a block-based programming environment that simplifies coding by eliminating syntactic
barriers, and the CARAMBA recommendation system, which provided personalized learn-
ing paths based on students’ progression and preferences. A structured educational process
was implemented, including an initial diagnostic test to assess logical reasoning, guided
activities in Scratch to build foundational skills, a phase of personalized practice with
CARAMBA, and a final computational thinking evaluation using a validated assessment
instrument. The resulting dataset encompasses diverse information: demographic data,
logical reasoning test scores, computational thinking test results pre- and post-intervention,
activity logs from Scratch, recommendation histories from CARAMBA, and qualitative
feedback from university student tutors who supported the intervention. The dataset is
anonymized, ethically collected, and made available under a CC-BY 4.0 license to encour-
age reuse. This resource is particularly valuable for researchers and practitioners interested
in computational thinking development, educational data mining, personalized learning
systems, and digital equity initiatives. It supports comparative studies between WEIRD
and non-WEIRD populations, validation of adaptive learning models, and the design of
inclusive programming curricula. Furthermore, the dataset enables the application of
machine learning techniques to predict educational outcomes and optimize personalized
educational strategies. By offering this dataset openly, the study contributes to filling
critical gaps in educational research, promoting inclusive access to programming education,
and fostering a more comprehensive understanding of how computational competencies
can be developed across diverse socioeconomic and cultural contexts.

Dataset: The full dataset generated and analyzed during the study, along with the paper
draft, are available at the (1) Institutional Repository for the CARAMBA system: https://
github.com/nvalerod/carambaNew (accessed on 20 May 2025) and (2) GitHub Repository:
https://github.com/cvidalmsu/UNEMI_1 (accessed on 10 May 2025). The dataset is
openly accessible under the Creative Commons Attribution (CC BY 4.0) license.
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Dataset License: The dataset associated with this article is distributed under the terms and
conditions of the Creative Commons Attribution (CC BY 4.0) license.

Keywords: computational thinking; programming competencies; Scratch; educational
dataset; recommendation systems; personalized learning; non-WEIRD context

1. Introduction
Computational thinking and programming competencies are increasingly recognized

as foundational skills for participation in modern digital societies [1–3]. Learning program-
ming fosters problem-solving abilities, logical reasoning, creativity, and digital literacy,
making it an essential competence for education in the 21st century [4,5]. However, access
to structured programming education remains unequal, particularly across non-WEIRD
(Western, Educated, Industrialized, Rich, and Democratic) contexts [6,7]. Several studies
have indicated that cultural, socioeconomic, and technological differences significantly
affect how students engage with and develop computational skills [8–10].

Numerous initiatives have incorporated computational thinking into K-12 education
systems within WEIRD nations, aiming to mainstream these skills into early education [11,12].
Nevertheless, interventions designed and validated in non-WEIRD environments are
limited and critically needed to ensure global equity in digital education [13].

Scratch, a block-based programming environment, has demonstrated effectiveness in
supporting the acquisition of computational thinking by enabling learners to focus on logical
structures and problem solving without the burden of syntactic complexity [14–16]. Through
its intuitive design and visual metaphors, Scratch encourages creativity, collaboration, and
algorithmic reasoning among young learners. Beyond learning environments, education
recommendation systems, such as CARAMBA, play a significant role in personalizing the
learning experience by adapting activities based on the profiles and preferences of the
learners [17,18]. Personalized learning trajectories foster participation, improve motivation,
and support learners in achieving better outcomes [19].

Despite these advances, most of the empirical evidence on programming education
still stems from WEIRD populations. The present study addresses this gap by implementing
a structured educational intervention in a public primary school in Milagro, Ecuador. The
intervention combined Scratch and the CARAMBA recommendation system within the
school’s computing curriculum and involved 428 students aged 8–12 years.

The dataset generated through this intervention captures demographic data, logi-
cal reasoning assessments, computational thinking tests administered before and after
the learning phases, detailed logs of Scratch activities, recommendation histories from
CARAMBA, and qualitative feedback from tutors. By making this dataset openly available,
the study contributes to enhancing research in computational thinking education across
culturally and socioeconomically diverse contexts.

The present study follows a structured analytical process that integrates data com-
pilation, dimensionality reduction, and validation steps to uncover patterns of student
progression and intervention effectiveness. A summary of this methodological framework
is presented in Figure 1.

The remainder of this paper is structured as follows: Section 2 describes the dataset
and participants. Section 3 details the educational intervention and data collection methods.
Section 4 discusses user notes and potential applications. Section 5 concludes with key
findings and future research directions.
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Data Collection (2019–2023)

Grouping by Academic Period

Multivariate STATIS Analysis

Construction of the Commitment Structure

Projection and Similarity Evaluation

Leave-One-Table-Out Validation

Analysis and Interpretation of Results

Figure 1. Methodological flowchart of the multivariate STATIS analysis process.

2. Data Description
2.1. Participant Overview

The educational intervention was conducted at a public primary school located in
Milagro, Ecuador. A total of 428 students between the ages of 8 and 12 participated in the
study, as described in detail in previous work [20]. The participant pool reflected a diverse
demographic background, including students from urban, peri-urban, and rural areas, and
encompassed a wide range of socioeconomic conditions. All 428 participating students
were between 8 and 12 years old and had no prior formal exposure to programming envi-
ronments before the intervention. The school is located in a peri-urban region of Milagro
and serves a predominantly low-income population, with an average student–teacher ratio
of 35:1 and limited access to high-speed internet and individual computing devices.

Approximately 7.5% of the students reported physical, visual, auditory, or cognitive
disabilities. This inclusivity aspect makes the dataset particularly valuable for studies
aiming to enhance accessibility in programming education. Table 1 summarizes the demo-
graphic distribution of the participants.

Table 1. Demographic characteristics of participants.

Category Number of Students Percentage (%)

Males 236 55.1
Females 192 44.9
Students with disabilities 32 7.5
Ecuadorian nationality 419 97.9
Foreign nationality 9 2.1
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2.2. Dataset Content

The dataset consists of multiple components that capture various aspects of the inter-
vention and student progress:

• Logical Reasoning Test Results: Baseline logical reasoning skills assessed through a
custom-designed multiple choice test.

• Computational Thinking Test (CTT V2) Scores: Pre- and post-intervention assess-
ments evaluating students’ computational thinking abilities using a validated
instrument [21].

• Scratch Activity Logs: Sequential records of programming exercises completed by
students using Scratch.

• CARAMBA Recommendation Histories: Data on personalized exercise suggestions
generated through collaborative filtering algorithms implemented in CARAMBA [20].

• Tutor Survey Responses: Reflections and qualitative feedback from students in Systems
Engineering at the university who supported the intervention. For example, one tutor
noted: “Students who struggled initially became more confident when tasks were
personalized.” Another reported: “CARAMBA helped identify the ideal starting point
for each student, which improved motivation and autonomy.”

Records with incomplete test responses were excluded from paired comparisons using
listwise deletion, which accounted for less than 3% of total data points. Table 2 details the
available files:

Table 2. Structure of the dataset files.

File Name Format Description

diagnostic_test.csv CSV Results from logical reasoning diagnostic test
ctt_pre_post.csv CSV Pre- and post-CTT V2 computational thinking assessments
tutor_survey.csv CSV Reflections from university student tutors
caramba_logs.json JSON Personalized recommendation history and activity tracking
metadata.pdf PDF Complete description of variables and codebook

2.3. Availability of Data and Tools

The preliminary results, logical reasoning tests, computational thinking assessments,
and the CARAMBA recommendation system (including its source code and documentation)
are openly available in the following repositories:

• GitHub Repository for study instruments and datasets: https://github.com/cvidalmsu/
UNEMI_1 (accessed on 10 May 2025)

• Institutional Repository for the CARAMBA recommendation system: https://github.
com/nvalerod/carambaNew (accessed on 20 May 2025)

Both resources are provided under a Creative Commons Attribution (CC BY 4.0)
license to facilitate accessibility, reuse, and replication of this educational intervention.

2.4. Ethical Considerations

All data collected were anonymized following established ethical guidelines. The
identities of the students were replaced with random unique identifiers and no personally
identifiable information (PII) was collected or stored. The study received ethical approval
from the research committee of the Universidad Estatal de Milagro.

3. Methods
3.1. Educational Intervention Design

The educational intervention was divided into two main phases following the concep-
tual framework proposed by Cárdenas-Cobo [22] and further detailed in related work [20]:

https://github.com/cvidalmsu/UNEMI_1
https://github.com/cvidalmsu/UNEMI_1
https://github.com/nvalerod/carambaNew
https://github.com/nvalerod/carambaNew
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• Phase I: Introduction to Scratch and Basic Computing Concepts
Students participated in instructor-led sessions focused on basic computing skills, file
management, and fundamental programming concepts using the Scratch platform [14].
Core computational concepts such as sequencing, conditionals, loops, and event
handling were progressively introduced.

• Phase II: Personalized Learning with CARAMBA
After completing foundational training, students engaged with the CARAMBA rec-
ommendation system, which provided personalized exercise pathways based on
collaborative filtering techniques [20]. This adaptive phase aimed to foster autonomy
and tailor difficulty progression to individual student performance.

Phase I (Scratch instruction) lasted for 3 weeks, with two 90 min sessions per week.
Phase II (CARAMBA-based personalized learning) lasted 2 weeks, also with two 90 min
sessions per week. The collaborative filtering algorithm in CARAMBA used k = 10 nearest
neighbors and Pearson correlation as the similarity metric. University Systems Engineering
students served as tutors during the intervention, supporting the primary instruction
and personalized learning activities. Tutors received specific training sessions to ensure
consistency in pedagogical practices and technological usage.

3.2. Data Collection Procedures

The data collection process was structured around several key instruments and stages:

• Logical Reasoning Diagnostic Test: At the beginning of the study, the students com-
pleted a custom-designed multiple choice test assessing the skills of logical, mathe-
matical, and abstract reasoning.

• Pre-Intervention Computational Thinking Test (CTT V2): To establish baseline com-
putational thinking skills, students were administered the validated CTT V2 instru-
ment [21].

• Activity Logs: Throughout the instructional and personalized phases, activity logs
were recorded from students’ interactions with Scratch and CARAMBA.

• Post-Intervention Computational Thinking Test (CTT V2): After the intervention, the
CTT V2 was reapplied to measure learning gains.

• Tutor Reflection Surveys: Systems Engineering tutors provided qualitative feed-
back through surveys assessing instructional dynamics and technological sup-
port effectiveness.

It is important to note that although the CTT V2 instrument is validated in Spanish,
no independent psychometric validation was performed in the Ecuadorian context. This
limitation is addressed in the discussion. All collected data were anonymized, respecting
ethical standards.

3.3. Statistical Validation

The data collected were analyzed using robust statistical methods:

• The pre-test and post-test CTT V2 scores were analyzed for normality using the
Shapiro–Wilk test.

• Paired t-tests were used for normally distributed data and Wilcoxon signed rank tests
for nonparametric distributions.

• The mean pre-test score was 45.2, and the post-test score was 67.8. There was a statisti-
cally significant difference (p < 0.001) between the the pre-test and post-test scores.

• The effect size, calculated using Cohen’s d, was 1.38, indicating a large practical effect.
• Rank-biserial correlation was also computed where applicable.
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The methodological choices were aligned with the standard practices in the research
of computational thinking education [1].

3.4. Educational and Data Collection Workflow

Figure 2 illustrates the overall process flow implemented during the educational
intervention, detailing the sequence of instructional activities, assessments, and data
collection stages.

Start of Project

Logical Reasoning Diagnostic Test

Pre-Intervention CTT V2 Test

Scratch Instruction and Exercises

Personalized Practice with CARAMBA

Post-Intervention CTT V2 Test

Data Analysis and Validation

Figure 2. Educational intervention and data collection workflow.

3.5. CTT Score Distribution Analysis

To evaluate the effectiveness of the educational intervention, a comparative analysis
was performed on the students’ Computational Thinking Test (CTT) scores before and after
the instructional phases. This analysis quantified learning gains and explored distributional
performance changes across the cohort. In particular, we sought to assess changes in
average achievement, consistency improvements, and reductions in underperformance.

Figure 3 displays the distribution of the CTT scores grouped into defined score ranges
for both the pre-test and the post-test. A prominent rightward shift is observable in the
post-test results, indicating that a large proportion of students attained higher scores after
the intervention. This upward trend suggests that the instructional model, which combined
Scratch-based learning with personalized support from the CARAMBA system, effectively
promoted computational thinking development. In particular, the post-test data show
an increased concentration of students in the upper performance brackets (61–80 and
81–100), while the number of students scoring in the lower ranges (0–20 and 21–40) was
substantially reduced. This pattern provides compelling evidence of the positive impact of
the intervention on overall learning outcomes.

Using box plots, Figure 4 provides a comparative summary of the CTT score distri-
butions before and after the intervention. The median score increased markedly from 45
(pre-test) to 68 (post-test), and the interquartile range increased from [30, 60] to [55, 80],
indicating that the central 50% of the students performed at a higher level after the inter-
vention. In addition, the narrowing of the lower tail, from a minimum score of 10 to 30,
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suggests a reduction in extreme underperformance. These results collectively point to an
improvement in the average performance, consistency, and equity of learning outcomes
across the cohort of students.
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Figure 3. Distribution of CTT scores before and after the intervention.
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Figure 4. Comparison of pre- and post-intervention CTT scores using boxplots.

4. User Notes
The dataset provided through this study offers a valuable resource for researchers,

educators, and policymakers interested in advancing computational thinking education,
adaptive learning technologies, and educational equity.

4.1. Potential Applications of the Dataset

Given its multidimensional structure, including diagnostic assessments, computa-
tional thinking tests (CTT V2), personalized recommendation histories, and qualitative
tutor feedback, the dataset can support a variety of future research directions, including:
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• Computational Thinking Research: The pre- and post-intervention CTT V2 results
allow researchers to model the development of computational thinking skills among
primary school students in a non-WEIRD context [20,21].

• Educational Data Mining and Learning Analytics: Activity logs from Scratch and
CARAMBA provide rich sequential data ideal for mining patterns, predicting learning
trajectories, and evaluating the impact of personalized recommendations [17].

• Development of Adaptive Learning Systems: The recommendation interaction histo-
ries can be used to train and validate new models for adaptive learning environments,
particularly in early programming education settings [22].

• Comparative Cross-Cultural Studies: Researchers can compare the outcomes observed
in this non-WEIRD setting against results from WEIRD populations to explore the
influence of socioeconomic and cultural variables on computational thinking develop-
ment [6,13].

• Design of Inclusive Educational Curricula: Insights from the intervention can inform
the creation of more inclusive curricula that incorporate personalization strategies and
accessible technologies like Scratch [14].

4.2. Reuse Guidelines

Researchers intending to reuse the dataset should follow the following guidelines:

• Proper Citation: Any publication or derived work should acknowledge this study as
the original source of the dataset.

• Ethical Use: Although the dataset is anonymized, users must avoid any attempt to
re-identify participants and must ensure compliance with ethical standards.

• Contextualization: Any interpretation of the results should take into account the edu-
cational, socioeconomic, and technological characteristics of the Ecuadorian primary
school setting from which the data originate.

The dataset is made available under a Creative Commons Attribution (CC BY 4.0)
license, maximizing its potential for reuse in research, educational innovation, and pol-
icy development.

5. Conclusions
This study presents the results of a structured educational intervention designed

to foster programming competencies and computational thinking skills among primary
school students in a non-WEIRD educational context. The pedagogical model combined
Scratch-based learning with the personalized recommendations offered by the CARAMBA
system, aiming to adapt the pace and complexity of activities to individual learner profiles.

The intervention involved 428 students aged 8 to 12 years in Milagro, Ecuador, and
used validated instruments such as CTT V2 to assess the development of computational
thinking. Statistical analyses confirmed significant improvements in students’ abilities,
both in terms of mean scores and score distribution, as visualized through histograms and
boxplots. The results highlight the effectiveness of combining block-based programming
environments and recommendation systems to personalize and enhance programming
education for young learners.

A key contribution of this work is the dataset generated during the intervention, which
includes demographic information, logical reasoning assessments, CTT V2 scores before
and after the intervention, Scratch activity logs, CARAMBA recommendation histories, and
qualitative tutor feedback. The dataset is anonymized and openly available under a Creative
Commons Attribution (CC BY 4.0) license, encouraging broad reuse. The absence of a
traditional-instruction control group limits our ability to isolate the specific contribution of
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the CARAMBA system. Additionally, due to logistical constraints, no longitudinal tracking
was conducted to evaluate the sustainability of learning gains over time.

Future research could extend this work by:

• Conducting longitudinal studies to assess the sustainability of computational thinking
skills over time.

• Exploring enhancements to the recommendation system, such as the integration of
reinforcement learning approaches.

• Applying the intervention model to different socioeconomic contexts, educational
levels, or countries for comparative analysis.

• Investigating the impact of personalization strategies on students with disabilities or
diverse learning needs.

By providing this dataset and documenting the intervention process, this work aims
to contribute to the global efforts to democratize programming education, foster computa-
tional literacy across diverse contexts, and support the development of more inclusive and
adaptive educational technologies.
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