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ABSTRACT

This research assesses the design and implementation of innovative educational robotics activities in higher
education through 105 subjects in the Primary Education degree from two Spanish universities. The activities
involved simple activities, visual block programming, machine learning, and the construction of sensors and
actuators, leading to the learning of computational concepts and the implementation of interesting, practical
tasks. The experiment included a control group of 39 students. A test (Coding, Robotics, and Machine Learning
Test CRMT) and three scales were used to generate descriptive data and statistical inference through a quasi-
experimental design with a student t-test in the first dimension and a Mann-Whitey U test in the second. Stu-
dents in the experimental group improved their performance and results with the practical intervention of the
study. It is concluded that there are training gaps in the use of programming in higher education, and that coding
is essential in initial teacher training, with a greater presence of robotics programming needed in the training.
Significant improvements are noted in active learning, creativity, the development of computational concepts,
and machine learning, and improvements in effective implementation in mathematics and art. Ultimately, it is
feasible to implement these pedagogical designs in the training of future primary school teachers, fostering an
understanding of machine learning and the use of coding and robotics in the university training of future

teachers.

1. Introduction

Several authors, including one of Papert's disciples, Mitchel Resnick
[1], emphasize that computer programming is an extension of writing,
so there are compelling reasons for everyone to learn to program.
Resnick was responsible for leading the creation of the Scratch
block-based programming language at the Massachusetts Institute of
Technology (MIT), which underlies many of the robots and program-
mable boards currently available for educational use.

This way of working, in which students acquire technological skills
and are able to create and manage their projects, assumes a construc-
tionist and constructivist framework with effective activation of prior
knowledge, promoting metacognition through greater information
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elaboration, greater understanding, and placing learning in a real-life
context [2].

Visual block-based programming environments offer a considerable
advantage over languages intended to provide novices with their first
introduction to computing, allowing users to ‘write’ by dragging and
dropping graphic blocks to compose simple programs that, in turn, allow
them to create games, interactive stories, or simulations [3-5]. In
elementary education, they can be easily used in different curricular
areas, creating all kinds of multidisciplinary activities and projects with
a shallow learning curve that allows increasingly complex projects.

There is evidence highlighting the effectiveness and benefits of
implementing visual block-based programming in areas encompassed in
the current curriculum [6] and in interactions that support reflection [7,
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8]. Several studies have found positive results related to attitudes to-
ward computer science and computer science [9,10].

Several studies and authors [11-15] highlight advantages in educa-
tional processes in elementary education, with statistically significant
improvements in the understanding of computational concepts and
practices. These projects are especially interesting in Art Education,
Natural Sciences, and Social Sciences, allowing the creation of colorful,
dynamic, and motivating projects from an active perspective.

Comparing the perspective of the NMC/CoSN Horizon report: 2016
K-12 edition of the Horizon K12 report [16] with the current 2025
EDUCAUSE Horizon report teaching and learning edition [17], there is
an increasing emphasis on the cognitive processes of student learning. It
is observed that technology is changing student cognition, that students
who work with projects are more independent, manage different infor-
mation resources, become more adaptable to change, and are better able
to work as team members [2]. In addition, technology is favoring new
ways of documenting student learning and success [18,17].

While these studies demonstrate the benefits of programming and
educational robotics for the development of computational thinking in
primary and secondary education, most of them focus primarily on
learning outcomes in school students rather than on the preparation of
future teachers. Consequently, relatively little empirical research has
examined how preservice teachers can acquire the necessary computa-
tional knowledge, pedagogical strategies, and technological confidence
to integrate these tools effectively into their future classrooms. In
addition, existing studies rarely incorporate emerging topics such as
introductory machine learning within teacher education contexts,
despite their growing relevance in contemporary digital literacy
frameworks. Therefore, there remains a need for empirical research
examining integrated training approaches that combine visual block
programming, educational robotics, and introductory machine learning
within initial teacher education programs

Today, there is a wide variety of programmable boards. These are
electronic devices that can be programmed to perform different tasks
according to the instructions we provide. They are like small computers
that, depending on their programming, can control lights, sensors, mo-
tors, screens, interactive elements, and many other components. The
benefits of these are multiple, such as the development of computational
thinking [19], fostering creativity [3,5] and innovation [20], improving
problem-solving [6], promoting active and meaningful learning [8], and
encouraging collaborative work [21], among others.

This intervention uses the Microbit environment’s block-based pro-
gramming with a simplicity that allows successful pedagogy for stu-
dents. It is then progressively linked and sequenced with activities
related to robotics kits (Maqueen and Nezha), installing their plugins
and making these devices work with visual block programming
(https://makecode.microbit.org/).

It is important to articulate more explicitly the specific training gaps
that motivate the study. These appear to include, for instance, the
limited prior exposure of preservice teachers to visual block program-
ming environments; insufficient conceptual understanding of funda-
mental computational thinking constructs such as sequencing, loops,
and conditional logic; a lack of familiarity with basic robotics hardware
(sensors, actuators, and programmable boards); and minimal experience
integrating programming and robotics into curricular areas beyond
technology-specific subjects. Additionally, the low level of awareness
and practical understanding of emerging topics such as machine
learning suggests a further gap between current teacher preparation and
contemporary educational demands. Explicitly framing these de-
ficiencies as the starting point of the research would strengthen the
rationale of the intervention and allow the objectives and outcome
measures to be more clearly positioned as responses to clearly defined
educational needs.

In this study, these theoretical frameworks directly inform both the
design of the intervention and the formulation of the research objec-
tives. Meaningful learning and scaffolding principles guided the
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sequencing of activities and the progressive introduction of computa-
tional concepts, while constructionist theory shaped the emphasis on
hands-on creation, problem solving, and reflective practice. Accord-
ingly, the selected outcome variables focus on preservice teachers’ un-
derstanding of core computational concepts, their attitudes toward
programming and machine learning, and their perceived capacity to
integrate these approaches into educational practice.

Although prior research has demonstrated the educational potential
of visual block programming and robotics in school contexts, fewer
studies have systematically examined their integration within initial
teacher training, particularly from a constructionist perspective and
with the inclusion of introductory machine learning concepts. Existing
studies tend to focus either on computational thinking development in
compulsory education [12,18] or on programming skills in preservice
teachers, often without addressing how emerging topics such as machine
learning can be meaningfully incorporated into teacher education
curricula [22,23]. This study addresses this gap by examining the impact
of an integrated robotics and programming intervention on preservice
primary teachers’ computational understanding and attitudes, thereby
directly informing the objectives formulated below.

1.1. Objectives

Main objective is to evaluate the impact of a constructionist-based
educational robotics intervention on preservice primary teachers’
acquisition of computational concepts and attitudes toward program-
ming and machine learning.

The specific objectives are:

e To measure changes in preservice teachers’ knowledge of core
computational concepts (sequence, loops, conditionals, and sensors)
as assessed by the CRMT.

e To determine the effectiveness of visual block programming in sup-

portingzrobotics learning, as evidenced by post-intervention per-

formance and self-reported skill development.

To assess changes in attitudes toward the integration of program-

ming and machine learning in primary education curricula using

validated Likert-scale instruments.

e To examine preservice teachers’ perceptions regarding the feasibility

and educational usefulness of integrating robotics and block-based

programming activities into primary education curricula, based on
attitudinal scale responses.

To analyze perceived impacts of the intervention on active learning,

creativity, and interdisciplinary curricular application.

1.2. Research questions

RQ1 (Knowledge outcomes). To what extent does a constructionist-
based educational robotics intervention influence preservice pri-
mary teachers’ understanding of core computational concepts and
introductory machine learning, as measured by the CRMT?

RQ2 (Attitudinal outcomes). What differences are observed between
preservice teachers who participate in the educational robotics
intervention and those who do not with respect to attitudes toward
programming, educational robotics, and the integration of machine
learning in primary education?

2. Materials and methods
2.1. Procedure and dimensions of the study

The study was carried out in two Spanish universities as part of the
training of future primary education teachers. A quasi-experimental
design was implemented with an experimental group and a control
group. The overall structure of the study was organized into two main
dimensions (Table 1), each addressing a specific aspect of learning and
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Table 1
Variables and instruments used in each dimension of the study.

Instruments and
Statistical Analyses

Dimensions Variables

1. Knowledge of computational Machine learning Coding Robotics and

concepts, robotics and machine Sequence Machine Learning Test
learning Iteration (looping) (CRMT)
Conditional Descriptive analysis
statements Student t-test
Sensors
2. Attitudes regarding block Programming Scale (attitude
programming and educational mastery measurement, Table 3)

Visual block
programming and
robotics
Computational
concepts
Application in
curricular areas

robotics in teacher training Descriptive analysis

Mann-Whitney U Test

perception related to educational robotics and computational thinking.

The first dimension focused on students’ knowledge and under-
standing of computational concepts, educational robotics, and machine
learning. This was assessed using a custom-designed questionnaire test,
detailed in the appendix, consisting of ten items (CRMT).

The second dimension examined students’ attitudes and perceptions
toward the use of educational robotics and block-based programming in
teacher training. To this end, three Likert-type scales were used,
administered after the intervention (Table 3). The first scale focused on
attitudes toward programming and machine learning, including items
related to perceived usefulness, interest, and confidence in using these
technologies. The second scale examined perceptions of the pedagogical
value of robotics and programming activities in teacher education,
addressing aspects such as educational innovation and curricular inte-
gration. The third scale measured perceptions related to active learning
and creativity, including items that explored the potential of robotics-
based activities to promote student engagement and creative problem-
solving.

The intervention consisted of a series of educational robotics activ-
ities integrated into the coursework of the experimental group. These
included visual block-based programming, the use of Unity with Ma-
chine Learning Agents (ML-Agents), and the development of simple
robotic systems using sensors and actuators. The control group followed
the same theoretical content through lectures but did not participate in
the robotics-based activities.

Students in the control group received instruction covering similar
theoretical topics related to programming, educational robotics, and
emerging technologies in education. However, this instruction was
delivered through traditional lecture-based sessions and class discus-
sions rather than through hands-on activities. The theoretical sessions
addressed basic concepts of computational thinking, visual program-
ming environments, and the potential educational applications of ro-
botics and artificial intelligence in primary education.

2.2. Participants

The study population consisted of first-year undergraduate students
enrolled in the Bachelor’s degree in Primary Education at three Spanish
public universities. The sample was non-probabilistic and purposive,
based on students’ enrollment in regular course groups. The experi-
mental group included 105 students from the University of La Laguna
and the University of Oviedo, while the control group consisted of 39
students from a public university in the Community of Madrid. Assign-
ment to experimental and control groups was determined by existing
class groupings rather than random allocation, in order to preserve the
regular organization of teaching activities.

The experimental group consisted of 90.5% female students and
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9.5% male students, reflecting the gender distribution commonly
observed in teacher education programs, where female students repre-
sent a large majority. The average age of participants was 19.14 years,
and the group was relatively homogeneous in terms of age and educa-
tional level.

Participants did not have a specialized background in computer
science or engineering. Prior to the intervention, their exposure to
technology-related content was mainly limited to general digital
competence courses focusing on basic computer use, information search,
and educational technologies. Most participants had little or no formal
experience with programming, robotics, or computational thinking, and
only a minority reported previous contact with visual block-based pro-
gramming environments.

To examine group comparability prior to the intervention, pre-test
CRMT scores were compared using an independent samples t-test. No
statistically significant differences were found between the experimental
and control groups, indicating baseline equivalence and supporting the
internal validity of the study.

Participants were recruited using purposive sampling, based on their
enrollment in first-year Primary Education degree programs at three
Spanish public universities. Assignment to experimental and control
groups was determined by existing course groupings rather than random
allocation, in order to preserve regular teaching organization and avoid
disruption to academic schedules. The two universities where the
intervention was implemented constituted the experimental group (n =
105), while students from the third university formed the control group
(n = 39), all following comparable curricular content in educational
technology. To examine group comparability prior to the intervention,
pre-test CRMT scores were compared between groups using an inde-
pendent samples t-test, with no statistically significant differences
observed, indicating equivalence at baseline and supporting internal
validity.

Confidence intervals (CIs) were calculated and are reported for all
primary outcome measures to provide greater precision in the inter-
pretation of the observed effects. The inclusion of Cls allows for a clearer
assessment of the reliability and practical significance of the estimated
differences between groups and strengthens the transparency and
reproducibility of the statistical analysis.

2.3. Implementation

The Coding and Educational Robotics sessions were held in April and
May 2025 with undergraduate students in Primary Education at two
Spanish public universities. The nine sessions focused on preparing a
Maqueen robot, building a traffic light barrier using the Nezha kit, and
using the Microbit board for programming (One-hour sessions). These
tasks used visual block programming with Microbit Makecode, allowing
students to prepare the robots and program the projects. We focused on
problem-solving and planning to engage and motivate university stu-
dents. Sequencing and scaffolding were implemented, starting with
basic computational concepts (sequences, loops, conditionals, and
events), using the devices and robots.

The intervention was implemented by instructors involved in the
research team and experienced in educational technology and pro-
gramming education within teacher training programs. In both partici-
pating universities, the sessions were delivered following the same
instructional design developed for the study.

To ensure consistency across institutions, all instructors followed a
shared teaching guide that specified the learning objectives, sequence of
activities, programming tasks, and use of technological resources for
each session. The same materials, robotics kits, and programming en-
vironments were used in both institutions. This common framework
helped maintain instructional fidelity and ensured that students in the
experimental groups experienced comparable teaching conditions
throughout the intervention.

The intervention was implemented using a set of accessible
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educational technologies commonly employed in introductory pro-
gramming and robotics contexts. The Micro:bit board served as the core
programmable device, using the MakeCode visual programming envi-
ronment, which allows learners to create programs through block-based
interfaces without prior experience in text-based coding. This environ-
ment supports fundamental computational constructs such as
sequencing, loops, conditionals, events, and sensor input.

For robotics activities, two kits were used. The Maqueen robot,
designed for beginner-level educational robotics, was employed to
introduce motor control, sensor-based decision making, and basic
autonomous behavior through infrared and light sensors. The Nezha kit,
based on modular construction components, enabled the development
of more complex robotic systems involving multiple actuators, sensors,
and parallel processes, supporting advanced block-based programming
concepts.

Introductory machine learning concepts were addressed through the
“Shy Panda” project, developed using Scratch 3.0 and the Machine
Learning for Kids platform. This activity introduced supervised learning
through image classification, guiding students through dataset creation,
labeling, model training, and real-time testing. The focus was placed on
conceptual understanding of the machine learning workflow rather than
on algorithmic or mathematical complexity, ensuring accessibility for
preservice teachers. Detailed descriptions of each instructional session
and associated activities are provided in the Appendix to support
replicability and instructional transfer.

During the practical sessions, students in the experimental group
worked in small, stable teams in order to promote collaboration and peer
learning. Each team consisted of three to four students, which allowed
all participants to actively engage in programming, construction, and
problem-solving tasks.

The first sessions began with simple projects using Microbit. A clear
example is the dice using random numbers (see Fig. 1).

In this session, a model is trained using images and the possibilities of
machine learning are demonstrated. Scratch 3.0 and Machine Learning
for Kids are used (https://machinelearningforkids.co.uk/). The Shy
Panda project was developed, a resource available on the website and an
original idea by Cassie Evans (https://codepen.io/cassie-codes
/pen/jKaVqo). In this project, you interact with a shy panda bear
(Fig. 2). If the character does not feel watched, it will dance, but if it
detects that you are watching it, it will become embarrassed and stop
dancing.

Ultimately, in this session, university students can understand ma-
chine learning and how it is trained with numerous images in two cat-
egories, “I see you” (te veo) and “I don't see you™ (no te veo), to recognize
whether you are looking at the panda or covering your eyes. It is a simple
and fun project. It allows the students to understand image detection and
visual block programming, exploring computational concepts and
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practices (Fig. 2).

In later, more advanced sessions, we work with Microbit and the
Maqueen kit in the Light Car project, through the light sensor, the mo-
tors, and programming with a conditional. The result is that if you point
the mobile phone's flashlight at the car (a lot of light), the light sensor of
the Microbit card obtains a high value and the car moves by activating
both motors (Fig. 3).

Another key project in the sessions is the automatic traffic light
barrier. The Nezha kit, which uses Lego Technic blocks, is used and
programmed with a Microbit card. Consistent construction is important,
as is detailing parallelisms, sensors, and actuators in the programming
(Fig. 4).

All these projects foster work that enhances logical and analytical
thinking and problem-solving and attempts to debug and correct errors
(trial and error). Using devices, programming, and machine learning,
students learn about how machines work and develop digital
competence.

From an economic perspective, the implementation of the inter-
vention required relatively low-cost and widely available educational
resources. The approximate cost of a Micro:bit board is 20-25 EUR,
while Maqueen robotic kits range from 50 to 70 EUR per unit, and Nezha
robotics kits from approximately 80 to 200 EUR, depending on config-
uration and supplier.

2.4. Data analysis

The survey technique and questionnaire were proposed as an in-
strument consistent with the study objectives; the test and scales were
adapted from published studies [24,13]. The data collected in this
experiment were characterized using descriptive statistics, including
measures of central tendency and dispersion, as well as percentages of
responses in specific response ranges. Statistical analyses were con-
ducted using IBM SPSS Statistics (version 30) and Microsoft Excel.

For the first dimension, understanding of computational concepts,
robotics, and machine learning, the results of the CRMT are analyzed by
applying the student's t-test. Scores from the experimental group were
compared using t-test, statistical significance defined as p < 0.05. A
priori power analysis was conducted using G*Power to determine the
required sample size for detecting medium effect sizes (Cohen's d = 0.5),
with a significance level of a = 0.05 and a desired power of 0.80. An
allocation ratio of 0.4 between groups was assumed, based on the ex-
pected composition of student groups participating in the study. The
analysis indicated that a total of 128 participants (n = 93 experimental;
n = 35 control) would be sufficient; this requirement was exceeded.
Reliability calculated using Cronbach's alpha coefficient offers 0.81 in
this first dimension, which is considered acceptable [25].

On the other hand, in the second dimension, block programming and
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Fig. 1. Dice project programmed with Microbit using visual blocks.
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Fig. 3. Light Car robotics project programmed with microbit and the maqueen Kkit.

educational robotics in teacher training, which focused on attitudes and
perceptions regarding educational robotics and programming, responses
were collected using a four-point Likert scale ranging from "strongly
disagree" (1) to "strongly agree" (4). Due to the ordinal nature of the data
and the non-normal distribution, confirmed by the Shapiro-Wilk test,
non-parametric analyses were performed. Specifically, the Mann-
Whitney U test was used to compare responses between the experi-
mental and control groups (p < 0.05).

This information allows us to determine whether there are signifi-
cant differences between the control group (without any intervention)
and the experimental group that underwent the intervention and prac-
ticed with educational robotics. A priori power analysis was conducted
in G*Power to determine the required sample size to detect medium-
sized effects (Cohen's d = 0.5), using a significance level of a = 0.05
and a desired power of 0.80. An allocation ratio of 0.4 was assumed, in
line with the expected group composition. Under these conditions, the
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Fig. 4. Construction of the automatic barrier and traffic light project using the Nezha robotics kit.

required total sample size was estimated at 134 participants. Given that
the actual sample size was 144 (n = 105 experimental; n = 39 control),
the analysis was sufficiently powered. Reliability calculated using
Cronbach's alpha coefficient yields an average of 0.911 for the scales in
the second dimension, always higher than 0.6, and is therefore consid-
ered acceptable [25].

Different analyses and tests were used to determine whether there is
evidence to support the validity of the results and minimize error vari-
ance [26]. Additionally, complementary post hoc power analyses were
conducted for statistically significant comparisons in both dimensions.
These analyses are reported in the results section to illustrate the
sensitivity of the study and further support the interpretation of signif-
icant findings.

The CRMT was developed following a structured process aligned
with the objectives and content of the intervention. Item generation was
based on core computational concepts addressed during the training,
namely sequencing, loops, conditional logic, sensors, and introductory
machine learning, and was informed by assessment approaches. The
survey technique was implemented using different instruments aligned
with the two study dimensions: a knowledge test (CRMT) for the first
dimension and three Likert-type scales for the second dimension, all
adapted from previously published studies [24,13].

The CRMT consisted of 10 multiple-choice items designed to eval-
uate preservice teachers’ understanding of core computational concepts
addressed during the intervention. The items were distributed across
five content areas: sequencing (2 items), loops/iteration (2 items),
conditional logic (2 items), sensors and input-output interaction (2
items), and introductory machine learning concepts (2 items).

Each item included four response options with a single correct
answer. Correct responses were scored as 1 point and incorrect re-
sponses as 0 points, resulting in a total possible score ranging from 0 to
10. Higher scores indicate a greater level of understanding of compu-
tational concepts related to programming, robotics, and introductory
machine learning.

The selection of these constructs was guided by the learning objec-
tives of the intervention and by established frameworks of computa-
tional thinking, particularly those proposed by Brennan and Resnick [6].
Sequencing, loops, and conditionals represent core programming
structures, while sensor interaction reflects fundamental robotics func-
tionality. The inclusion of introductory machine learning items aimed to
assess participants’ conceptual understanding of basic AI processes
introduced during the intervention.

The CRMT instrument was developed by the research team respon-
sible for the study, composed of researchers with experience in educa-
tional technology, computational thinking, and teacher education. The
initial pool of items was designed based on the learning objectives of the
intervention and on established frameworks of computational thinking.
To ensure content validity, the preliminary version of the instrument
was reviewed by a panel of seven experts in the fields of educational
technology and teacher training.

The items were reviewed by experts in educational technology and
initial teacher training to ensure content relevance, clarity, and align-
ment with the curricular level of preservice teachers. The instrument
was administered within the study context, and its internal consistency
demonstrated acceptable reliability (Cronbach’s a = 0.81), supporting
its adequacy for evaluating preservice teachers’ knowledge of compu-
tational concepts.

3. Results

3.1. Dimension 1: knowledge of computational concepts, robotics, and
machine learning

In this dimension, a quasi-experimental design was applied,
analyzing data using an independent samples Student's t-test. The
Coding, Robotics, Machine, Test (CRMT test was administered,
comparing the means of the 105 students in the experimental group who
worked on the training implementation described above with a control
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group of 39 students from the Complutense University of Madrid, who
were following a theoretical program related to ICT in education. This
statistical contrast allows us to verify whether there were significant
improvements between the control group and the experimental group to
whom the intervention was applied (Table 2). The scores on the ten-item
test emphasize the importance of an educational design that includes
visual programming language and the implementation of educational
robotics to promote the acquisition of computational concepts.

The control group of university students obtained an average score of
4.51. The values obtained in the experimental group provide a mean of
6.05 after implementation of the intervention. The Levene test for
equality of variances is not significant (P = .647), so equal variances are
assumed in both groups. Considering that equality of variances is
assumed, the result of the administered Student’s t-test provides a value
(t = 3.401; P = .001) that allows us to affirm that there are significant
improvements: the implemented program does improve the students'
ability to understand visual programming and robotics. The effect size
details a Cohen's d of 0.638, which is considered significant [27]. The
Hedges correction and Glass's delta provide a value of 0.635, consistent
with the results obtained.

3.2. Dimension 2: attitudes regarding block programming and educational
robotics in teacher training

Unlike the first dimension, which followed a quasi-experimental pre-
test/post-test design, the second dimension was based on a post-test-
only comparison between the experimental and control groups. No
baseline equivalence was established for attitudinal and perceptual
variables prior to the intervention. The results for the three scales were
highly positive, as reflected in the length of the blue and green bars in
Figs. 5 and 6, as well as in the percentages presented in Table 3.

It is important to note that the results reported in Dimension 2 are
based on participants’ self-reported perceptions and attitudes rather
than objective measures of learning outcomes. While these findings
provide valuable insight into how preservice teachers perceive the
educational value of robotics-based activities, they should be inter-
preted as indicators of perceived benefits rather than direct evidence of
learning gains.

In the analysis of Scale 1 Machine Learning and Programming,
coding knowledge is considered essential for training future teachers
(item 1.1), with a positive rating (agree or strongly agree) from 80
percent of the sample. However, there are no significant improvements
in this variable, as the control group also rates this item very highly.
Furthermore, 61.9 percent claim to know what machine learning is
(item 1.2), and 83.8 percent state that it is important to teach this
concept in higher education (item 1.3). Meanwhile, 90.4 percent of
students state that coding and robotics enhance the development of
creativity (item 1.4), which represents the highest descriptive rating on
the scale. Moreover, 46.7 percent of the subjects have worked with vi-
sual block programming at university (item 1.5), which is interpreted as
an interesting value and should be worked on for improvement in higher
education settings (Table 3).

Regarding statistical inference on this scale, a statistically significant
improvement is observed using the Mann-Whitney U test, with a sig-
nificance level of a = 0.05 in items 1.2 and 1.4. Therefore, because of
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this research intervention, subjects improved their understanding of
machine learning (item 1.2) and their understanding that programming
and robotics stimulate creativity (item 1.4).

Regarding scale 2, computational concepts, approximately 80
percent of the subjects in the experimental group know what a sequence,
a loop, and a conditional are (items 2.1, 2.2, and 2.3), demonstrating
some understanding of basic computational concepts. Furthermore,
statistically significant improvements were obtained in these three
items, indicating improvement and learning compared to the control
group (Table 3).

Furthermore, 89.5 percent of participants considered that the pro-
gramming and robotics approach fosters educational innovation pro-
cesses (item 2.4), a high descriptive value, although no statistically
significant improvements were obtained. Therefore, it is inferred that
the control group also considers the promotion of coding in educational
innovation to be important and positively values it.

Regarding scale 3, active learning in curriculum areas, the subjects
believe that a great deal of content is learned with visual block pro-
gramming and robotics (item 3.1). Content can be implemented in Pri-
mary Education through visual block programming (item 3.2). Positive
ratings (agree and strongly agree) were obtained from around 90
percent of subjects. Therefore, visual block coding and programming are
highly valued in educational contexts. Furthermore, a statistically sig-
nificant improvement was observed in both items compared to the
control group, indicating that the intervention has a significant impact
on the process.

Analyzing the results in the curriculum areas in depth, 93.3 percent
of subjects believe that programming and robotics enhance mathemat-
ical learning (item 3.3) and that they help with learning art and music
(items 3.6), with a statistically significant improvement in both items
compared to the control group. Regarding natural sciences (item 3.4)
and social sciences (item 3.5), descriptive values above 80 percent were
obtained, but they did not show statistically significant improvements
compared to the control group.

Most subjects (92.4%) believed that the coding approach made the
topic studied more interesting (item 3.7), and 90.4 percent believed that
programming actively engaged students (item 3.8). A statistically sig-
nificant improvement was observed in both items, with an « significance
level of 0.05, when the program and detailed intervention were
implemented.

To calculate the effect size of the Mann-Whitney U test for the three
scales, the Z statistic obtained was used and applied to the formular =Z
/ \/N, where N is the total sample size. Item 2.2, regarding under-
standing a loop in programming, obtained a high effect size (—0.847),
according to Cohen's parameters. Item 3.8, which refers to the fact that
programming actively engages students, obtains a high value (—0.673).
Item 2.3, which refers to conditionals (—0.659), and item 3.3, which
refers to coding being positive in mathematics (—0.631), obtain
acceptable effect sizes.

To complement the significance testing and assess the sensitivity of
the findings, post hoc power analyzes were conducted using G*Power
for comparisons that showed statistically significant differences. In the
first dimension, the observed effect size for the CRMT post-test was
Cohen's d = 0. 647. Using the actual group sizes (n = 105 experimental;
n = 39 control; allocation ratio ~ 0.37), the achieved statistical power

Table 2

Results of the coding, robotics, and machine learning test (CRMT).
Group n Mean (M) SD t p 95% CI Cohen’s d
Experimental 105 6.05 2403 3.401 .001 = [0.64, 2.42] 0.638
Control 39 4.51 2416

Note. Independent samples Student’s t-test. Effect size interpreted according to Cohen [27].

*p < .05.
** p < 01,
" p < .001.
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Fig. 5. Frequency of responses of the experimental group to each item in the questionnaire about programming and robotics. Responses from strongly agree (4) to

strongly disagree (1).
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Fig. 6. Frequency responses from the control group to each item in the questionnaire about programming and robotics. Responses from strongly agree (4) to strongly

disagree (1).

was 0. 96. This indicates a very low probability of Type II error and
reinforces the robustness of the observed difference.

In the second dimension, several statistically significant differences
were also supported by medium to large effect sizes. These were tested in
G*Power under the same parameters. The results reinforce the reliability
of the observed effects and help confirm that the sample size was
adequate to detect meaningful differences.

4. Limitations

Several limitations of this study should be acknowledged. First, the
use of purposive, non-random sampling and group assignment based on

existing class groupings may limit the generalizability of the findings
and introduce potential selection bias. Although pre-test equivalence
between the experimental and control groups was verified, the absence
of randomization restricts the ability to establish full causal inference.
Future studies should consider randomized or stratified sampling de-
signs to enhance external validity.

Second, the notable gender imbalance within the sample, reflective
of the demographic composition typical of teacher education programs,
may influence the interpretation of the results, particularly regarding
attitudes toward programming, robotics, and technology-related self-
efficacy. While this distribution accurately represents current enroll-
ment patterns, it limits the capacity to explore potential gender-related
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Table 3
Descriptive statistics and Mann-Whitney U test results for attitudinal scales.
Scale Items % Mann-Whitney U
test
1 2 3 4
1. Machine learning and 1. Knowledge of programming or coding is essential for training future teachers. 6.7 13.3 40 40 .601

programming 2. I know what machine learning is. 5.7 324 381 238 .001%**
3. In initial university education, it is important to work on machine learning 0 152 48,6 352 .341
concepts.

4. The programming and robotics approach enhances the development of 1.0 8.6 352 552  .001%**
creativity.
5. I have worked with visual block programming in university. 143 39.0 28.6 18.1

2. Computational concepts 1. I know what a sequence is in programming.

2. I know what a loop is in programming.

3. I know what a conditional is in programming.

1.0 18.2 324 486
0 15.2 324 524
2.9 21.0 36.2 40.0

4. The programming and robotics approach fosters educational innovation 0 10.5 36.2 533
processes.

3. Active learning in curricular areas 1. A lot of content is learned with visual block programming and robotics. 1.0 10.5 457 429  .001***
2. The content can be addressed in PE through a PVBlotes (blocks-based learning 0 8.6 43.8 47.6  .001***
model).

3. Programming and robotics enhance mathematical learning. 1.0 5.7 37.1  56.2
4. Programming and robotics foster learning in natural sciences. 3.8 219 419 324
5. Programming and robotics help learning in social studies. 0 13.3 457 37.1
6. Programming and robotics support learning in art and music. 2.9 3.8 43.8 495
7. With a coding approach, the subject matter is more interesting. 0 7.6 46.7 419
8. Programming actively engages students. 1.0 8.6 30.4 60.0

Note. Scale ranged from 1 (strongly disagree) to 4 (strongly agree). Mann-Whitney U test.

*p <.05.
**p <.01.
" p<.001.

differences in responses to the intervention. Subsequent research could
benefit from more balanced samples or from explicitly examining the
interaction between gender and learning outcomes in educational ro-
botics contexts.

Third, another limitation of the study relates to the potential influ-
ence of institutional differences, since the experimental and control
groups were drawn from different universities. Although all partici-
pating institutions were part of the same competitive research project
and followed a common research design, it is possible that contextual or
institutional factors may have influenced the results to some extent.

Another limitation of the study relates to the use of self-reported
attitudinal data to assess several outcomes, particularly those included
in the second dimension of the study. Although these measures provide
valuable insight into participants’ perceptions of programming, ro-
botics, and technology-based learning, self-reported responses may not
always fully reflect actual knowledge acquisition or behavioral changes.
Future studies could complement these measures with additional
objective assessments or observational data in order to obtain a more
comprehensive evaluation of learning outcomes.

It should be noted that the findings related to Dimension 2 are based
on participants’ self-reported perceptions. Therefore, statements
regarding potential improvements in subject learning (e.g., mathematics
or arts) should be interpreted as perceived educational benefits rather
than as direct evidence of learning outcomes.

A further limitation of the study concerns the potential influence of
institutional differences between the experimental and control groups.
Because participants were drawn from different universities, some of the
observed differences may partly reflect contextual or institutional fac-
tors rather than the intervention alone. Although the participating in-
stitutions were involved in the same competitive research project and
followed a shared research framework, it is still possible that local
teaching contexts or institutional characteristics influenced the out-
comes. Future research could address this limitation by implementing
randomized group assignments within the same institutional setting or
by including a larger number of participating institutions.

Finally, the study was conducted within a limited number of in-
stitutions and over a short intervention period, which may restrict the
extent to which longer-term learning retention or transfer to authentic

classroom practice can be assessed. Longitudinal designs and multi-site
studies are recommended to further validate and extend the present
findings.

5. Discussion

Several precedents and research studies that analyze the potential of
visual block programming in educational contexts can be considered,
showing positive results like those found in our study [12,14,15].

These approaches teach basic computational concepts and improve
the students’ skills in mathematics and the arts. The subjects show
training gaps in the use of coding and robotics that must be addressed for
the adequate implementation of computational thinking in higher edu-
cation educational processes.

To address this problem, this study provides a training proposal
based on the simplicity of visual programming and robotics, with a
sequenced implementation of more complex concepts, so that future
teachers have the strategies and knowledge to perform their work as
active and engaged professionals. These conclusions are supported by
several studies [12,14,28], demonstrating the acquisition of basic
computer programming concepts in elementary education, where future
teachers will work. University education and initial teacher training
must adapt to the demands of today's society, considering the emerging
trends that young professionals will encounter in their immediate
future.

It is essential to propose a pedagogical design that considers robotics,
machine learning, and visual coding to understand computational con-
cepts in different curricular areas and to develop an innovative and
dynamic educational practice as education professionals [15] through
active approaches.

Based on these approaches focused on visual block-based program-
ming and a simple application of robotics and coding, we propose to
analyze the impact that these emerging innovations generate in the
initial training of future teachers, as well as the real presence of these
key trends in the university training context. In elementary education
contexts, several investigations coincide with the results of this study [3,
5,12,13,18,29-32]. It is suggested that educational authorities recom-
mend and implement robotics, an understanding of machine learning,
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and programming in initial teacher training, so that the student teachers
can design and develop practices when they are teachers in educational
environments in elementary education.

This study makes several relevant contributions to the field of
educational technology and initial teacher training. First, it offers an
innovative approach by integrating educational robotics with early
machine learning activities within a coherent, constructionist instruc-
tional framework specifically designed for preservice teachers. While
robotics and visual block programming are increasingly present in
school-based research, their systematic connection with introductory
machine learning concepts in teacher education remains limited. This
combined approach represents a novel contribution, demonstrating not
only its pedagogical viability but also its positive impact on the devel-
opment of computational concepts and professional attitudes toward
emerging technologies.

Second, the study employs validated assessment instruments and a
robust methodological approach, including power analysis, reliability
testing, effect size estimation, and both parametric and non-parametric
statistical procedures. This methodological rigor strengthens confidence
in the reported outcomes and provides a model for future intervention-
based research in teacher training contexts.

Finally, the findings demonstrate the practical feasibility of imple-
menting scalable robotics and programming interventions in university
settings without the need for complex infrastructure or high-cost tech-
nologies. The use of accessible platforms, such as Microbit and visual
programming interfaces, enables institutions to integrate similar peda-
gogical designs into existing curricula, supporting systematic develop-
ment of computational thinking and foundational machine learning
literacy among future educators.

Together, these contributions position the present work as a mean-
ingful addition to the educational technology literature, offering both
empirical evidence and practical guidance for the incorporation of ro-
botics and artificial intelligence concepts into initial teacher training
programs.

6. Conclusions

This research provides interesting findings regarding the use of ro-
botics and coding in university contexts for learning computational
concepts and machine learning today, as well as the potential that
coding offers in the initial training of future teachers. It is interesting to
see the advantages of robotics and coding in different curricular areas, as
well as the possibilities for innovation and motivation, and the enthu-
siasm of participants. Ultimately, these active practices contribute to the
acquisition of computational concepts and practices through creativity
and enthusiasm and with careful implementation of robotics and coding
in simple and structured activities.

Based on the results of the study and considering data from different
sources and tests, the following conclusions are drawn in a structured
manner.

1. The results suggest that participation in robotics-based activities
was associated with higher levels of computational knowledge.
Participants improve their performance and results with the study
intervention. Based on the scores of the CRMT administered to the
subjects, it is evident that the scores obtained are not particularly
high, demonstrating the difficulty of the content for the participants;
however, the experimental group obtained statistically significant
improvements compared to the control group. Therefore, the uni-
versity students' ability to understand computational concepts, pro-
gramming logic, the implementation of educational robotics, and
machine learning is improved (dimension 1).

2. Coding is essential in teacher training. Eighty percent of the sub-
jects consider coding knowledge essential for training future teachers
(item 1.1) and for working with machine learning concepts (item
1.3), although these variables are not statistically significant.

10

Computers and Education Open 10 (2026) 100366

Furthermore, 60 percent of the sample know what machine learning
is (item 1.2), and 90 per cent state that programming and robotics
develop creativity (item 1.4). These two variables show statistically
significant improvements: the intervention has therefore provided
them with an understanding of the concept of machine learning and
a sense of its value for creativity in these processes. Just under 50
percent of the sample has worked with visual block programming at
university (item 1.5), highlighting this as an area in need of
improvement in higher education settings. Thus, the subjects
emphasize the great importance of teacher training in the use of
programming in educational settings.

3. Computational concepts are learned. Basic computational con-
cepts, sequences, loops, and conditionals (items 2.1, 2.2, and 2.3),
are familiar to 80 percent of the respondents. The subjects have
learned these concepts through the intervention, shown by the sig-
nificant improvements obtained.

4. Pedagogical benefits of the use of coding are detailed. Subjects
appreciate that learning through coding and robotics (item 3.1) in-
volves active participation and is interesting (items 3.7 and 3.8),
with descriptive values close to 90 percent in these three items and
with statistically significant improvements in the three variables.
Therefore, subjects appreciate benefits in the active approach,
learning, and student interest. On the other hand, most subjects
(90%) affirm that coding and robotics foster innovation (item 2.4),
although no significant improvements were obtained in this variable.
5. Visual programming and educational robotics are feasible in the
curricular areas. Around 90 percent, with significant improvements,
consider these approaches optimal for learning mathematics (item
3.3) and the arts (item 3.6). In natural sciences (item 3.4) and social
sciences (item 3.5), descriptive values (around 80 percent) are ob-
tained, but there are no significant improvements. With appropriate
selection and sequencing of content, adjusted depending on the
students' prior knowledge and progress, implementation in different
areas is feasible, especially in mathematics and arts education.

The conclusion, with high scores and significant improvements, is
that the approach of integrating programming and robotics in the
classroom fosters active learning, creativity, and interest among uni-
versity students. It is emphasized that it is feasible to implement these
pedagogical designs in the training of future primary school teachers,
fostering an understanding of machine learning and the use of coding
and robotics in the university training of future teachers.
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Appendix I
Session 1 — Introduction to computational thinking and visual programming

This initial session introduces the theoretical foundations of computational thinking within a constructionist learning framework. Students explore
the concepts of sequencing, algorithmic thinking, and trial-and-error problem solving through guided activities in the Micro:bit MakeCode visual
programming environment. A simple “digital dice” project is developed to familiarize participants with block categories, event handling, and random
number generation, supporting hands-on experimentation and immediate feedback.

Learning focus: Sequencing, algorithmic logic, familiarization with block-based programming.

Practical activities:

1. Exploration of the MakeCode interface: Students navigate block categories, test simulator functions, and examine basic event blocks to gain
technical fluency with the environment.

2. Dice simulation project: Participants create a digital dice generator using random number blocks triggered by motion events (shake function) to
introduce sequencing and event-driven programming.

3. Debugging practice: Students modify and repair intentionally flawed programs to identify common beginner errors and practice iterative
problem-solving strategies.

Session 2 — Basic programming structures: sequences and loops

Building on Session 1, this session focuses on the explicit manipulation of programming sequences and iteration constructs (loops). Students design
short routines involving repeating LED patterns and timed animations using Micro:bit. Instruction emphasizes logical structuring, pattern recognition,
and debugging strategies consistent with computational thinking practice. The learning objective is to develop fluency with basic control structures
and program flow.

Learning focus: Repetition, control flow, pattern development.

Practical activities:

1. LED animation design: Students create repeating light patterns using loop blocks to visualize iterative program execution.

2. Timed sequence challenges: Learners sequence actions (lights and pauses) to simulate countdown timers or rhythmic signaling patterns.

3. Algorithm optimization activity: Programs are rewritten to reduce block redundancy by replacing repeated sequences with loop structures,
encouraging efficient algorithm design.

Session 3 — Conditional logic and sensor-based programming

Participants are introduced to conditional statements (“if-then” logic) and basic sensor inputs (light and temperature). Students construct pro-
grams that respond dynamically to environmental stimuli, such as displaying sensor readings or triggering visual responses when threshold values are
reached. The session emphasizes real-time data processing and decision-making logic, reinforcing the relationship between physical input and
computational output.

Learning focus: Decision-making structures, input-output interaction.

Practical activities:

1. Environmental reading display: Students program the Micro:bit to display temperature or light intensity when Button A is pressed.

2. Threshold-trigger alert systems: Programs are developed to activate visual or sound alerts when sensor readings exceed or drop below set values.

3. “If-Then” scenario challenges: Small programming tasks require students to design conditional responses to given real-world contexts (e.g.,
simulate weather-based warnings).

Session 4 — Data collection and analysis using sensors
In this session, Micro:bit devices are used to collect real-world data concerning light intensity and temperature from various campus locations.
Students design data-logging programs, conduct structured field measurements, and compile findings for basic statistical analysis (e.g., averages,

comparisons). The activity connects computational thinking to data literacy and interdisciplinary application, particularly in mathematics and
environmental science education.
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Learning focus: Sensor data acquisition and quantitative interpretation.
Practical activities:

1. Campus temperature mapping: Learners collect temperature readings from five locations using Micro:bit devices and record results in data
tables.

2. Light-level comparison analysis: Groups measure ambient light in classrooms and outdoor spaces and graph differences.

3. Statistical reflection exercise: Students calculate mean values and discuss environmental variation, linking computational tools to mathematics
education standards.

Session 5 — Introduction to robotics with the maqueen kit

Students transition from board-based programming to physical robotics using the Maqueen robot. After assembling the robot, participants program
basic motor commands to execute controlled movements along predefined trajectories. Key concepts include directional control, sequencing of ac-
tions, and spatial reasoning. The pedagogical goal is to link abstract code to embodied robotic behavior.

Learning focus: Motor control, physical execution of algorithms.

Practical activities:

. Robot assembly workshop: Students physically construct the Maqueen robot and integrate the Micro:bit controller.

. Movement sequencing programs: Learners code straight-line movement, turns, and timed stops to navigate predefined pathways.

3. Obstacle navigation challenge: Students design programs to reach a destination using solution-oriented sequencing and trial-and-error
debugging.

N =

Session 6 — Sensor integration and conditional robotic control

This session introduces obstacle detection and line-following challenges using Maqueen’s infrared sensors. Students construct programs that
incorporate conditional logic to adjust motor responses based on sensor input (e.g., turn left or right upon detecting white or black surfaces). The
activities reinforce algorithmic decision-making, debugging, and multi-variable problem-solving within tangible robotics tasks.

Learning focus: Real-time robotic decision-making.

Practical activities:

1. Line-following programming: Students design algorithms that use infrared sensors to detect surfaces and maintain track alignment.

2. Light-driven “Car Project”: Programs are developed whereby robots move only when strong light is detected, illustrating sensor thresholds and
conditionals.

3. Error-debugging trials: Groups experiment with incorrect sensor settings and revise logical structures to improve functional performance.

Session 7 — Introductory machine learning through visual programming

Students engage with the Machine Learning for Kids platform and Scratch 3.0 to explore supervised learning models using image classification. The
“Shy Panda” project guides participants through dataset creation, model training, and real-time inference. Emphasis is placed on understanding the
core ML workflow—data labeling, training, testing, and refinement—rather than technical implementation details, thus introducing AI concepts at an
accessible level.

Learning focus: Supervised learning concepts, Al awareness.

Practical activities:

1. Dataset generation: Students capture and label images for two classification categories (“I see you / I don’t see you”) within the Machine Learning
for Kids platform.

2. Model training and testing: Learners train models and observe classification accuracy through live webcam testing in the “Shy Panda” project.

3. Algorithm refinement: Groups modify datasets and retrain models to observe changes in prediction reliability and discuss model bias.

Session 8 — Robotics engineering with the Nezha kit

Participants construct and program a multi-component robotic model using the Nezha kit, culminating in the development of an Automated Traffic
Barrier system equipped with sensors, lights, and actuators. Students implement parallel processes, event triggers, and conditional logic to coordinate
mechanical actions. The session integrates engineering design principles with advanced block programming constructs, highlighting the complexity
attainable through visual coding.

Learning focus: Advanced robot construction, coordination of multiple systems.

Practical activities:

1. Mechanical assembly: Students build the automated traffic barrier and traffic light system using Nezha components.
2. Parallel programming design: Learners write programs coordinating sensors, motor actuators, and LED signals simultaneously.
3. System testing and optimization: Groups identify malfunctions, refine logic sequences, and improve functional synchronization.

Session 9 — Educational design integration and pedagogical reflection

The final session centers on didactic transfer and curricular application. Students collaborate in groups to design short learning activities linking
robotics and programming to primary curriculum areas such as mathematics, science, art, or physical education. Each group presents its lesson plan,
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justifies its pedagogical choices using constructivist and constructionist principles, and reflects on classroom feasibility, learner engagement, and
assessment strategies. The session concludes with administration of the post-intervention instruments (CRMT and attitudinal scales).

Learning focus: Curriculum transfer, didactic reasoning.
Practical activities:

1. Lesson-plan development: Groups design classroom activities connecting robotics to curricular areas (mathematics, science, art, or PE).
2. Micro-teaching presentations: Each group presents and justifies its lesson using constructionist pedagogical principles.
3. Self-assessment and reflection: Students complete reflective questionnaires and evaluate their confidence in applying robotics and programming

in primary education contexts.

Appendix II

Table 4
Structure of the CRMT.

Construct / Computational concept Number of items

Description of assessed knowledge

Sequencing

Loops / Iteration

Conditional logic

Sensors and input-output
Introductory machine learning

NN NN DN

Understanding the correct order of programming instructions

Ability to identify and apply repetition structures in block-based programming
Understanding decision-making structures (if-then conditions)

Knowledge of how robots interact with environmental inputs

Basic understanding of training data and classification concepts
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