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Abstract

This article explores what impact a program of IT programming (Scratch and Python)
activities has on the logical-mathematical reasoning of high school children. The sample
comprised a group of 388 high school students, spanning first-year compulsory education
(12 years old) up to second-year upper secondary (17 years old) students who were given
the Differential and General Skills Battery (BADyG) before and after intervention through
a quasi-experimental design. Statistical analysis of data involved multivariate analysis
of variance (MANOVA), taking education level and group as independent variables. Re-
sults showed a principal significant effect of the group, with greater gains amongst the
experimental group in four factors of BADyG (logical reasoning, numerical reasoning,
visual-spatial reasoning, and general intelligence). Significant differences were also found
in terms of education level in the numerical, visual-spatial, and general intelligence factors,
with higher gains observed in the early years of compulsory secondary education com-
pared to upper secondary education. No significant effects were found in the interaction
between level and group, such that the impact of intervention was consistent throughout
all the school years. In sum, the results suggest that a program which promotes computa-
tional thinking can favor the development of certain skills related to logical-mathematical
reasoning in high school education under the conditions of this study.

Keywords: computational thinking; logical-mathematical reasoning; IT programming;
Scratch; Python; high school education

1. Introduction
1.1. Definition of Computational Thinking

In the 1980s, Papert (1980, 1993) introduced new approaches through his LOGO lan-
guage that were designed to enhance thinking by using programming. Wing (2008) later
took up these proposals and suggested that computational thinking should form part
of the school curriculum. Since then, studies exploring this skill have become increas-
ingly common and agree that it is a key competence for all students in the 21st century
(Weintrop et al., 2016). Although several different theoretical frameworks have been put
forward, the conceptualization of the term remains the subject of debate. Nevertheless,
one leading proposal is that of Brennan and Resnick (2012), who posit a three-dimensional
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model: (a) computational concepts (sequences, loops, conditionals, etc.); (b) computa-
tional practices (iteration, debugging, and abstraction); and (c) computational perspectives
(expressing, connecting, and questioning).

Lye and Koh (2014) conceive computational thinking as a competence that encom-
passes programming skills, designing solutions, process analysis, and documenting.
Weintrop et al. (2016) proposed a taxonomy that defines the concept considering four
types of practices: data analysis, modeling and simulation, computational problem solving,
and systemic thinking.

Barr and Stephenson (2011) consider that, beyond what is strictly the field of IT, com-
putational thinking should be a cross-cutting skill for problem solving. Viewed from this
perspective, it is important to analyze, organize, and represent data in a logical manner, to
automate solutions with algorithms, use abstractions and models, communicate processes
and results, recognize patterns, generalize, and transfer them in different learning contexts.
The International Society for Technology in Education (ISTE) and the Computer Science
Teacher Association (CSTA) define this concept as a problem-solving process that includes
the logical organization of information and data analysis, representation of information
through abstraction with models and simulations, solution automation, and transfer of
processes to real-life situations (ISTE & CSTA, 2011). They also highlight that such skills
help to boost attitudes such as confidence, perseverance, and tolerance towards ambiguity,
which are key aspects when solving mathematical problems and in autonomous learning.

The definition proposed by Selby (2015) includes concepts such as abstraction, de-
composition, algorithmic thinking, assessment, and generalization. Finally, Shute et al.
(2017) underline that computational thinking is a skill that is applicable to many areas,
and they define it as a combination of cognitive skills such as decomposition of problems,
abstraction, algorithmic thinking, logical reasoning, assessment, and debugging. From an
educational standpoint, computational thinking is being incorporated into school curricula
in the areas of STEM due to interest in promoting logical-mathematical reasoning (Hsu
et al., 2018; Kalelioğlu, 2015).

1.2. Skills, Attitudes, and Benefits of Computational Thinking

Although there is still no universally accepted definition of computational thinking,
there is wide agreement concerning its link to an array of skills, attitudes, and benefits
(Kallia et al., 2021). Grover and Pea (2013) claim that becoming proficient at programming
can boost independent learning and foster a proactive attitude amongst students. According
to Wing (2008), computational thinking promotes analytical skills when solving problems
and can prove equally important to being taught how to read and write. The author
also states that it helps with identifying patterns, abstraction, and the re-use of efficient
procedures over a range of different contexts, without the need to reformulate a solution
from scratch in each situation.

Computing’s formal fundamentals lie in mathematics, such that computational think-
ing involves the use of logical-mathematical reasoning, since logical connectors, arithmetical
operations, and structured problem solving are used. Barr and Stephenson (2011) state that
this type of thinking requires a high degree of abstraction, which favors a more abstract,
analytical, and efficient way of thinking. The skills highlighted by the authors include
decomposition, the use of algorithms to correctly solve problems, debugging possible faults,
generalization to identify patterns that are applicable to other problems and, finally, autom-
atization. All these skills are not only crucial in mathematics and sciences but also play a
pivotal role in human cognitive processes (Román-González et al., 2017; Shute et al., 2017).

From the field of cognitive psychology, these skills are related to developing executive
functions such as planning, cognitive flexibility and working memory, which are vital

https://doi.org/10.3390/educsci16020345

https://doi.org/10.3390/educsci16020345


Educ. Sci. 2026, 16, 345 3 of 18

factors in mathematical reasoning and fluid intelligence (Diamond, 2013; Robledo-Castro
et al., 2023, 2025). In this sense, the meta-analysis conducted by Scherer et al. (2019)
confirms the educational impact of IT programming on the logical-mathematical reasoning
of high school students.

Barcelos et al. (2018) highlight that the impact of computational thinking in mathemat-
ics is linked to the development of higher-order cognitive skills, such as identifying patterns
and building mathematical models, thus furthering interest in including computational
thinking in the high school curriculum.

The use of IT programming environments such as Scratch and Python can thus prove
effective when learning mathematical concepts. According to De La Hoz and Hijón (2022),
the use of block programming environments such as Scratch helps with the learning of
mathematical concepts and improves both academic performance and attitudes toward
mathematics. Basogain-Olabe et al. (2015) add that the use of Scratch improves the problem-
solving described in the PISA.

Python has also proved to be effective when learning mathematics by helping students
to conceptualize complex mathematical structures. Pinargote-Zambrano et al. (2024) found
that using it enabled higher education students to enhance their understanding of first- and
second-degree equations. Zambrano-Choez et al. (2025) conclude that computational think-
ing and programming—when applied to learning mathematical concepts—can strengthen
critical thinking and higher-level cognitive skills such as logical reasoning, problem solving,
and spatial visualization.

Authors such as Moreno-Léon et al. (2017) point out that the gradual transition
from programming languages through blocks toward languages that require the writ-
ing of code can offer an optimal pathway by which to consolidate computational skills,
since students move on from what are highly accessible environments to more complex
programming structures.

As regards transferring computational thinking to logical-mathematical reasoning,
Scherer et al. (2019) evidenced the impact of far transfer and distinguished between near
transfer (g = 0.75) and far transfer (g = 0.47), highlighting that the success of these activities
depends on the educational context and on how the intervention is designed.

Nevertheless, there are obstacles to integrating computational thinking into math-
ematics. Prominent amongst these hurdles are: (a) the scant training and experience of
teachers in the area (Tariq et al., 2024), and (b) the difficulty involved in solving complex
problems using programming tools, which might discourage learning and even lead to
students giving up trying to learn how to program (da Silva et al., 2025).

From a mathematics education perspective, computational thinking should not be
understood as learning to code per se, but rather as a set of cognitive tools that support
core mathematical reasoning processes, including abstraction, modeling, generalization,
and structured problem solving.

1.3. Model of Computational Thinking and Cognitive Development

From a cognitive perspective, there are several models that link computational thinking
to logical-mathematical reasoning. According to Brennan and Resnick (2012), computa-
tional practices such as iteration, debugging, and abstraction trigger mental processes
related to problem solving in a structured manner. Indeed, Shute et al. (2017) view compu-
tational thinking as a set of high-level cognitive skills.

The systematic review and meta-analysis recently conducted by Montuori et al. (2024)
sums up the link between computational thinking and cognitive development. The analysis
carried out in the 19 experimental studies into what impact computational thinking has
on the executive functions of children and teenagers shows significant effects on problem
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solving (d = 0.89), planning (d = 0.36), inhibition, and working memory. The authors also
state that student age acts as a moderating variable, such that non-structured visual pro-
gramming activities, particularly with Scratch, prove to be more efficient in older children.

1.4. Empirical Evidence of the Impact of Computational Thinking by Education Level

Empirical evidence has shown that the impact of computational thinking varies de-
pending on the stage of education involved. In compulsory secondary education from 12
to 16 years of age (Spanish acronym: ESO), significant improvements were observed in
variables related to numerical reasoning, geometry, and problem solving after intervention
with IT programming (Kalelioğlu et al., 2016; Sáez-López et al., 2016; Xu et al., 2022). In
a similar vein, the meta-analysis carried out by Li and Oon (2024) finds that the stage of
education moderates the impact of computational thinking, with greater effect sizes in the
early stages compared to a gradual drop as students move up toward higher stages of the
education system. Viewed from the field of developmental psychology, this pattern may
be interpreted through the change from concrete thinking to formal thinking described by
Piaget (1981), as well as through Vygotsky’s concept of the zone of proximal development
(Vygotsky et al., 1978), which accounts for a greater margin for improvement in the early
stages of secondary education.

In this context, the present study seeks to assess what impact educational intervention
based on IT programming activities using Scratch 2.0 (MIT Media Lab, Cambridge, MA,
USA), and Python 3.8 (Python Software Foundation, Beaverton, OR, USA) can have on
the logical-mathematical reasoning of high school students. The aim is also to examine if
improvements vary depending on the stage of education—from 12-year-olds to 17-year-
olds—and in terms of the groups (comparison and experimental). Finally, a further goal is
to explore the principal effects of the group and level of education, as well as the interaction
between the two, in order to pinpoint in which school years intervention has proved
most effective and whether its impact remains consistent throughout the various stages
of education.

2. Materials and Methods
2.1. Participants

The study involved 388 students from two schools: a public high school in the province
of Valladolid (Spain) and a Spanish state-run school in Bogota (Colombia), which follows
the same Spanish educational system and official curriculum as schools in Spain. Student
distribution by stage of education and group is shown in Table 1.

Table 1. Distribution of the sample by education level and group.

Total Level Group

1st ESO 2nd ESO 3rd ESO 4th ESO 1st Bach 2nd Bach Comparison Experimental

Frequency N = 388 n = 90 n = 89 n = 56 n = 58 n = 43 n = 52 n = 186 n = 202
% 100% 23.2% 22.9% 14.4% 14.9% 11.1% 13.4% 47.9% 52.1%

ESO = Compulsory Secondary Education (12–15-year-olds); Bach = Bachillerato (Spanish Upper Secondary,
16–17-year-olds). n = sample size. Percentages are calculated out of the total sample (N = 388).

2.2. Instruments

In order to assess general cognitive aptitudes and, in particular, those related to logical-
mathematical reasoning, the BADyG/M-r (Differential and General Skills Battery, middle
level, updated version) psychometric battery was applied for years one to four of the ESO,
and BADyG/S-r (Differential and General Skills Battery, high level, updated version) for
years one and two of Bachillerato/Upper Secondary.
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BADyG (Yuste & Martínez, 2003a, 2003b) is one of the most widely applied tools in
education and educational psychology thanks to its high degree of validity and reliability
(Monsalvo Díez & Carbonero Martín, 2009). It is an intelligence test—seen as the capacity
to undertake activities that require abstract thinking and the ability to predict possible
consequences of hypothetical situations.

This construct is assessed through six factors: (a) verbal analogies, (b) numerical series,
(c) logical matrices, (d) sentence completion, (e) numerical problems, and (f) matching
shapes. These factors are grouped into others that are second order: (a) logical reason-
ing, which includes verbal analogies, numerical series, and logical matrices; (b) verbal
factor, which encompasses verbal analogies and sentence completion; (c) numerical fac-
tor, comprising numerical series and numerical problems; and (d) visual-spatial factor,
which covers the variables of logical matrices and matching shapes. The sum of these four
complementary factors provides a global value—general intelligence.

2.2.1. Validity of the Construct

Official assessments of the BADyG have provided ample evidence of its validity based
on the internal structure. In the case of the BADyG/M-r, exploratory factorial analyses
show a general intelligence factor and three correlated factors (verbal, numerical, and
visual-spatial), which is consistent with the battery’s theoretical framework.

These results have also been shown to support the hierarchical conception of intelli-
gence and factorial organization proposed by the authors. Likewise, in the BADyG/S-r,
principal component analyses have confirmed the presence of a general factor and of the
specific factors that make up the test, thus offering sufficient evidence of the construct’s
validity (Spanish General Council of Psychology, 2019a, 2019b).

2.2.2. Concurrent Validity

Both versions of the psychometric battery provide empirical evidence of validity based
on the link to relevant external criteria. In BADyG/M-r, significant correlations have been
reported to academic performance in language, mathematics, English, and social sciences,
with values deemed appropriate for assessing cognitive aptitudes amongst schoolchildren.

These relations are predictive, since the BADyG is applied at the start of the school year,
with scores then being reported when the school year ends. As regards the BADyG/S-r,
positive correlations have also been found with academic performance, with mean values of
between 0.20 and 0.35, thereby offering further evidence of validity in secondary students
aged 16 to 17 (Spanish General Council of Psychology, 2019a, 2019b).

2.2.3. Reliability

Indices of internal consistency to assess the reliability of the scores have been analyzed
through the Cronbach alpha coefficient and the split-half corrected method. In the BADyG/M-r,
values showed coefficients above 0.75 in the basic tests, over 0.90 in the global factors, and over
0.94 in general intelligence (Spanish General Council of Psychology, 2019a).

In the case of the BADyG/S-r, internal consistency varies between 0.70 and 0.86 in
the basic tests, and between 0.83 and 0.88 in the global factors, reaching values of between
0.93 and 0.94 in general intelligence (Spanish General Council of Psychology, 2019b).
These results confirm the psychometric robustness of the two batteries for use in research
in education.

2.3. Methodological Design and Procedure

Since the participating groups were already formed in each school, and because no
random allocation could be made, the study was organized with a quasi-experimental
design that included a non-equivalent comparison group, which is common in research
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in education in natural environments. Work was carried out with an experimental group,
whose activities focused on computational thinking, and a comparison group, which
proceeded with their regular curriculum.

In both educational contexts, existing class groups were assigned either to the ex-
perimental group or to the comparison group within each school; class assignment to
condition was conducted at the intact class-group level, based on organizational and
timetable constraints, in order to avoid disruption of regular school functioning and to
minimize contamination between groups. Thus, both schools included experimental and
comparison groups following the same institutional framework. All intervention activities
were implemented during regular class time within the subject “Technology and Digi-
talization”. No additional instructional time or extracurricular sessions were introduced
for the experimental group. This design reduces the likelihood that observed effects are
attributable to increased instructional time or general enrichment, rather than to the specific
characteristics of the intervention.

In order to ensure the study’s internal validity, a pretest (O1 and O3) and a post-test
(O2 and O4) were applied to the two groups, which enabled a comparison to be made not
only with regard to the initial differences between them but also in terms of improvements
achieved in the study variables, as suggested in classical quasi-experimental designs
(Creswell & Creswell, 2021; Mertens, 2020). Below is the outline of the quasi-experimental
design used in the study (Table 2).

Table 2. Outline of the quasi-experimental design carried out in the study.

Pre-Test Intervention Post-Test

Experimental group O1 X O2
Comparison group O3 – O4

O1 and O3: pretest measure; O2 and O4: post-test measure; X: intervention applied; –: no intervention applied.

The study was carried out in two schools, one in the province of Valladolid and
another in a Spanish state-run school in Bogota (Colombia). Both schools operate under the
same Spanish educational system and official curriculum, ensuring curricular equivalence
across contexts. The methodological sequence, materials and intervention conditions
were identical in the two schools, which allowed the results to be merged into a single
comparative analysis.

The intervention was implemented by the same research team in both contexts, fol-
lowing a shared instructional plan and common progression criteria, in order to ensure
consistency across groups. In the two schools, intervention lasted for about six months
and was organized in the same way: 40 sessions of 50 min each, undertaken during school
time. In the high school in Valladolid (Spain), intervention took place over one school year,
applying the BADyG battery as a pre-test halfway through the first term (October) and as
a post-test prior to the end of the school year (May). In the school in Bogota (Colombia),
the same procedure was employed in the following school year, with the BADyG also
being applied at the start and at the end of the intervention in the same months. The
study was therefore conducted over two consecutive academic years, and all experimental
and comparison groups from both cohorts were included in the statistical analyses once
baseline equivalence had been verified through pretest scores.

The design of the intervention program involved carrying out activities that grad-
ually increased in complexity. Solving the activities initially required basic algorithms,
after which more advanced programming structures had to be tackled. All the computer
programs included mathematical concepts (mental calculation, algebra, geometry, and
mathematical analysis) that needed to be solved. These activities were designed using
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a common set of tasks and materials that were implemented uniformly in both schools,
without contextual adaptations, in order to ensure internal consistency of the intervention.

The intervention was explicitly designed to promote core computational thinking
practices—such as decomposition, algorithmic reasoning, abstraction, and debugging—
rather than general digital skills or generic enrichment activities.

Students in the comparison group attended the same subject during the same time
slots but followed the official curriculum of the subject “Technology and Digitalization”,
without engaging in programming or computational thinking activities.

In order to help students delve deeper into the concepts, practical tasks and creative
activities were systematically combined.

• Stage 1: All the students in the experimental group undertook an initial stage of
20 sessions using Scratch to reduce the cognitive load that is often associated with
text programming languages and to avoid initial rejection that might arise due to
syntaxis and level of abstraction (Tsai et al., 2025). The Scratch environment allowed
basic computational concepts such as sequences, loops, conditionals, parallelism, and
debugging to be more accessible to students. Graphical representations and flow
diagrams were also used to encourage algorithmic thinking.

• Stage 2: Students from the experimental group of first, second, and third year ESO
students (12–15-year-olds) completed the whole of the intervention using only Scratch
up to the 40 planned sessions. Nevertheless, once the bases had been established,
fourth-year ESO and upper-secondary students worked for a further 20 sessions with
Python, thus completing the intervention.

Python is a programming language that is more appropriate for developing complex
structures and enables an easier transition to more advanced mathematical contexts. Once
students had become more familiar with the environment, they gradually engaged in
increasingly more complex activities with different kinds of data, mathematical operations,
lists, tuples, and libraries. Exercises were also carried out with variables, conditional struc-
tures (if/else), loop control structures (while, for, until) and programs in which functions
needed to be defined. The use of standard modules such as math, time, and random was
also introduced. Some of the main programs undertaken by students involved creating
passwords, counters, timers, guessing games, and “hangman”. These activities were de-
signed to help overcome the difficulties that those who are just beginning to program tend
to face when moving up from block to text programming environments.

According to Mladenović et al. (2024), the transition from block languages to text
languages can lead to errors in conception and can pose cognitive barriers that must be
dealt with if a deeper understanding of programming is to be achieved. All sessions were
delivered following the same instructional guidelines and progression criteria in both
educational contexts, allowing any observed differences in outcomes to be attributed to the
intervention rather than to differences in task design or implementation.

Although no formal external fidelity checks (e.g., observational protocols or fidelity
checklists) were applied, the use of a common instructional framework and shared imple-
mentation criteria contributed to maintaining instructional consistency across contexts.

2.4. Data Analysis

Once the assumptions for the parametric tests had been verified, a descriptive statis-
tical analysis was carried out, followed by inferential analysis, to gauge what impact the
intervention had. In order to compare the results between the experimental group and the
comparison group, gains (differences between post- and pre-test) were considered in all
the variables of the BADyG, after verifying initial equivalence between the two groups in
each level of education through the pre-test scores.
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Although analysis of covariance (ANCOVA) is frequently used in pretest–posttest
designs, it was not applied in the present study. In quasi-experimental designs with non-
equivalent groups, the use of pretest scores as covariates may violate the assumption of
independence between the covariate and the experimental condition, particularly when
initial differences between groups exist, which can lead to biased estimates of the treat-
ment effect (Jamieson, 2004; Miller & Chapman, 2001). For this reason, gain scores were
considered the most appropriate analytical strategy in this context, as recommended for
quasi-experimental designs with non-equivalent groups.

A two-factor multivariate factorial design was then applied (MANOVA), using ed-
ucation level and group (comparison/experimental) as independent variables, and the
difference scores of the complementary factors of the BADyG as dependent variables,
following the recommendations of Tabachnick and Fidell (2019) for multivariate analysis in
research in education. Effect size was calculated with the partial eta squared (η2p), and its
values were interpreted following Cohen (1988): 0.01 < η2p < 0.05, indicating a small effect;
0.06 < η2p < 0.13, a moderate effect; and η2p > 0.14, a large effect.

Post hoc tests were subsequently carried out to identify significant differences between
the various levels of education. In our case, we opted for the Scheffé procedure, given
its conservative nature as well as its robustness in contexts with unequal sample sizes
between education levels (Field, 2018). When comparing the groups, we also applied
the t-test for independent samples, and incorporated Hedges g statistic (Hedges, 1981;
Hedges & Olkin, 1985) to calculate effect size, which proves particularly useful in small
or unbalanced samples. Interpretation was based on the criteria of Cohen (1988, 1992):
(a) g = 0.20, indicating a small effect size; (b) g = 0.50, a moderate effect size; and (c) g = 0.80,
representing a large effect size. All the analyses were conducted with a 95% confidence
level using the IBM SPSS Statistics v.29 (IBM Corp., Armonk, NY, USA) statistical package.

Since the research was conducted at two different schools and covered two consecu-
tive school years, group equivalence was verified prior to intervention through pre-test
comparisons. This procedure reduces the likelihood that post-test differences are explained
by baseline variability between groups and supports a more cautious interpretation of
observed gains as being associated with the computational thinking intervention under the
conditions of this study.

3. Results
3.1. Descriptive Analysis

In line with the results in Table 3, the descriptive analysis shows that gains in the
complementary factors of the BADyG are greater in compulsory secondary (ESO) than in
upper secondary (Bachillerato). In particular, first and second year ESO students stand out
for the greatest improvements in most factors, whereas these gains tend to diminish as
students progress through later years, with the lowest values being achieved in Bachillerato.
This trend is particularly clear in the numerical reasoning factor, the visual-spatial reasoning
factor, and in general intelligence, where the differences between the levels are more marked.
In contrast, the verbal factor displayed minimal variations between school years, suggesting
general stability in this aspect.

When comparing the groups, an even clearer pattern emerges; the experimental group
obtains systematically higher gains than the comparison group in all factors, except in the
verbal factor, where the two groups show very small increases. Particularly noteworthy are
the major differences in the visual-spatial factor and in general intelligence, in which the
improvements in the experimental group were markedly greater.
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Table 3. Distribution and descriptive statistics of the (post-pre) gain scores in the complementary
factors of BADyG in terms of education level and group.

Total
Level Group

1st ESO 2nd ESO 3rd ESO 4th ESO 1st Bach 2nd Bach Comparison Experimental

Frequency N = 388 n = 90 n = 89 n = 56 n = 58 n = 43 n = 52 n = 186 n = 202
% 100% 23.2% 22.9% 14.4% 14.9% 11.1% 13.4% 47.9% 52.1%

dif_RR
M 3.45 3.43 5.00 3.27 3.19 2.98 1.71 1.06 5.65
SD 6.09 5.90 5.43 6.24 5.74 7.54 6.02 5.31 5.94

dif_VV
M 0.79 0.68 1.30 1.05 1.21 0.67 −0.56 0.64 0.93
SD 4.79 4.47 4.55 4.36 5.29 6.16 4.18 4.60 4.95

dif_NN
M 3.55 3.98 4.78 2.46 2.66 3.79 2.69 1.36 5.57
SD 4.67 4.80 5.03 4.50 4.07 4.45 4.36 3.82 4.48

dif_VE
M 3.40 4.86 4.33 2.89 3.02 1.35 2.00 0.87 5.74
SD 4.83 5.40 4.74 5.14 3.62 4.03 4.40 3.91 4.40

dif_IG
M 7.74 9.51 10.40 6.41 6.88 5.81 4.13 2.87 12.24
SD 9.37 9.94 9.07 9.37 8.07 9.74 8.27 7.69 8.50

M = mean; SD = standard deviation; dif_RR = post-pre difference in logical reasoning; dif_VV = post-pre difference
in verbal factor; dif_NN = post-pre difference in numerical factor; dif_VE = post-pre difference in visual-spatial
factor; dif_IG = post-pre difference in general intelligence.

Taken as a whole, the descriptive results suggest that intervention based on com-
putational thinking leads to greater gains in the cognitive skills assessed, with a more
marked impact in the early years of the ESO, and a more moderate impact in Bachillerato.
Descriptively, the clearest and most consistent patterns of improvement are observed in
the numerical, visual-spatial, and general intelligence factors. Furthermore, the advantage
gained by the experimental group in virtually all the factors anticipates a possible positive
effect of the intervention, an aspect that needs to be tested through inferential analysis.

3.2. Multivariate Analysis

In order to determine how the effects of education level and group affect the de-
pendent variables related to the post-pre difference scores in the complementary factors
of the BADyG, a multivariate analysis of variance (MANOVA) was carried out using a
6 × 2 design. Prior to conducting the MANOVA, the assumptions of multivariate analysis
were examined (e.g., linearity and absence of multicollinearity). Box’s M test was used
to assess the homogeneity of covariance matrices across groups. The results indicated no
substantial deviations from the assumptions; therefore, Wilks’ lambda was employed as the
principal statistic, given its widespread use and robustness to minor assumption violations.
The stability of the findings was further confirmed using alternative multivariate statistics
(Pillai’s trace, Hotelling–Lawley trace, and Roy’s largest root), following methodological
recommendations for multivariate analysis (Field, 2018).

The MANOVA results shown in Table 4 reveal significant principal effects for educa-
tion level and group, albeit with different-sized effects. The education level factor showed
a significant effect, Wilks’ Λ = 0.845, F(20, 1238) = 3.152, p < 0.001, η2p = 0.041, suggesting
there are multivariate differences between school years with regard to the improvements
obtained. Nevertheless, this effect is small, which is consistent with the diversity of the
education levels involved in the study.

The principal effect of the group also proved significant—Wilks’ Λ = 0.664, F(4, 373)
= 47.13, p < 0.001, η2p = 0.336—indicating a large effect size. Consequently, these results
generally indicate that the students in the experimental group displayed significantly
higher gains and improvements in the variables studied when compared to the comparison
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group. As regards the interaction between level and group, the results show no significant
differences: Wilks’ Λ = 0.920, F(20, 1238) = 1.57, p = 0.052, η2p = 0.021.

Table 4. Multivariate analysis of variance (6 a × 2 b).

Wilks’ Λ F p η2p

Level a 0.845 F(20, 1238) = 3.22 <0.001 0.041
Group b 0.664 F(4, 373) = 47.13 <0.001 0.336
Level × Group 0.920 F(20, 1238) = 1.57 0.052 0.021

Λ = Wilks Lambda; F = Snedecor F; p = level of significance; η2p = partial eta squared. a Level of education
a1 = 1st ESO, a2 = 2nd ESO, a3 = 3rd ESO, a4 = 4th ESO, a5 = 1st Bachillerato, a6 = 2nd Bachillerato. b Group:
b1 = Comparison; b2 = Experimental.

In other words, although the tendency shows values close to the significance thresholds
(α = 0.05), differences between groups do not vary significantly in terms of the school year.

3.3. Principal Effects of the Level of Education Variable

The results of the univariate analyses showed statistically significant differences be-
tween education levels in three of the complementary factors of the BADyG (Table 5), all
with small size effects, which is very common in multi-level education studies. Notably, the
visual-spatial factor and general intelligence show the clearest developmental pattern across
school years. Significant differences were found in: (a) numerical factor, F(5, 382) = 3.397,
p = 0.005; (b) visual-spatial factor, F(5, 382) = 6.973, p < 0.001; and (c) general intelligence,
F(5, 382) = 5.733, p < 0.001.

Table 5. Means, standard deviation, F values, levels of significance (p), effect size (η2p) and post hoc
comparisons (Scheffé) of the difference scores of the BADyG by level of education.

Level dif_RR M (SD) dif_VV M (SD) dif_NN M (SD) dif_VE M (SD) dif_IG M (SD)

1st ESO a 3.43 (5.90) 0.68 (4.47) 3.98 (4.80) 4.86 (5.39) 9.51 (9.94)

2nd ESO b 5.00 (5.42) 1.30 (4.55) 4.78 (5.03) 4.33 (4.73) 10.40 (9.06)

3rd ESO c 3.27 (6.24) 1.05 (4.36) 2.46 (4.50) 2.89 (5.14) 6.41 (9.37)

4th ESO d 3.19 (5.73) 1.21 (5.28) 2.66 (4.06) 3.02 (3.62) 6.88 (8.07)

1st Bach e 2.98 (7.54) 0.67 (6.16) 3.79 (4.45) 1.35 (4.03) 5.81 (9.74)

2nd Bach f 1.71 (6.02) −0.56 (4.18) 2.69 (4.36) 2.00 (4.39) 4.13 (8.27)

F(5, 382) 2.229 1.140 3.397 6.973 5.733

p 0.051 0.339 0.005 <0.001 <0.001

η2p — — 0.043 0.085 0.071

Post hoc
(Scheffé) — —

No significant
differences
observed

1st ESO > 1st Bach;
1st ESO > 2nd Bach;
2nd ESO > 1st Bach;
2nd ESO > 2nd Bach

1st ESO > 2nd Bach;
2nd ESO > 2nd Bach

M = mean; SD = standard deviation; F = Snedecor F; p = level of significance; η2p = partial eta
squared. dif_RR = post-pre difference in logical reasoning factor, dif_VV = post-pre difference in verbal fac-
tor, dif_NN = post-pre difference in numerical factor, dif_VE = post-pre difference in visual-spatial factor,
dif_IG = post-pre difference in general intelligence. a n = 90, b n = 89, c n = 56, d n = 58, e n = 43, f n = 52.

In these three variables, the highest scores were reported in the first and second
year ESO, whereas scores in later school years tended to drop gradually, particularly in
Bachillerato (Figure 1). As a result—and according to this pattern—improvements tend to
be more significant in the early years of secondary education.
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Figure 1. Mean gain scores (post-pre) in numerical, visual-spatial, and general intelligence factors by
educational level in the experimental group.

Variance analysis showed significant differences between education levels in the
numerical, visual-spatial, and general intelligence factors. Depending on the η2p obtained,
effect sizes varied between small and moderate. Post hoc comparisons carried out using
the Scheffé procedure allowed us to identify specific differences between education levels.
Specifically, with regard to the visual-spatial factor, first- and second-year ESO students
obtained significantly higher gains than those in the two years of Bachillerato. For general
intelligence, significant differences were found between first and second year ESO and
second year Bachillerato. Finally, no significant post hoc differences were observed for the
numerical factor despite the significant main effect of education level.

In contrast, no significant differences were found between levels in the logical rea-
soning factor, F(5, 382) = 2.229, p = 0.051 or verbal factors, F(5, 382) = 1.140, p = 0.339,
indicating that improvements in these areas are more evenly distributed over the different
school years.

In sum, these results indicate that education level has a significant impact on im-
provements in the factors of numerical reasoning, visual-spatial reasoning, and general
intelligence, whereas gains in logical reasoning and the verbal factor do not depend on the
school year.

3.4. Principal Effects of the Group Variable

The results shown in Table 6 show statistically significant differences between groups
in four of the five complementary factors of the BADyG, all with effect sizes ranging from
moderate to large. The largest effects were observed in the numerical, visual-spatial, and
general intelligence factors.

As shown in Figure 2, the experimental group achieved substantially higher gain
scores than the comparison group in logical reasoning, numerical reasoning, visual-spatial
reasoning, and general intelligence.

Overall, the experimental group achieved post-pre gains that were significantly higher
than those of the comparison group in logical reasoning, numerical reasoning, visual-
spatial reasoning, and general intelligence, with effect sizes ranging from moderate to large
(Table 6).
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Table 6. Means (standard deviations), t values, levels of significance (p) and effect sizes (Hedges g)
for gains in the complementary factors of the BADyG in terms of the group.

Comparison a M (SD) Experimental b M (SD) t(386) p g

dif_RR 1.06 (5.31) 5.65 (5.94) −7.99 <0.001 0.81

dif_VV 0.64 (4.61) 0.93 (4.95) −0.59 0.557 0.06

dif_NN 1.36 (3.82) 5.57 (4.48) −9.92 <0.001 1.01

dif_VE 0.87 (3.91) 5.74 (4.40) −11.51 <0.001 1.17

dif_IG 2.87 (7.69) 12.24 (8.50) −11.36 <0.001 1.15
M = mean; SD = standard deviation; t = Student t; p = level of significance (α = 0.05); g = Hedges’ effect size;
dif_RR = post-pre difference in logical reasoning, dif_VV = post-pre difference in verbal factor, dif_NN = post-pre
difference in numerical factor, dif_VE = post-pre difference in visual-spatial factor, dif_IG = post-pre difference in
general intelligence. a n = 186, b n = 202.

Figure 2. Mean gain scores (post-pre) in the BADyG complementary factors for the experimental and
comparison groups.

The verbal factor showed no significant differences between groups, t(386) = −0.59,
p = 0.557, with a very small effect size (g = 0.06), which suggests that improvements in this
area were similar in the two groups.

In sum, these results confirm that intervention based on computational thinking
yielded improvements in most of the cognitive factors assessed, with particularly marked
effects in numerical, visual-spatial, and general intelligence factors.

3.5. Effects of Interaction Between Education Level and Group

The analyses showed no significant effect of interaction between education level and
group (comparison and experimental) on the difference scores of the BADyG—Wilks’
Λ = 0.920, F(20, 1238) = 1.572, p = 0.052. Even though the level of significance is close to the
threshold, the statistical evidence is insufficient to state that the effect of the intervention
clearly varies between the different levels of education.

This trend indicates that there might be slight variations in the scale of the improve-
ments between school years, but that said, differences are not sufficiently consistent to
consider them as offering a solid pattern. As a result, no additional analyses of simple ef-
fects by level were carried out, since the significance of the interaction is a prior requirement
to interpret specific comparisons within each school year.

https://doi.org/10.3390/educsci16020345

https://doi.org/10.3390/educsci16020345


Educ. Sci. 2026, 16, 345 13 of 18

Overall, the results indicate that no statistically significant differential effects of the
intervention were observed across educational levels, with gain patterns remaining broadly
comparable throughout secondary education.

4. Discussion
The results of this study indicate that high school students who take part in an

educational program that involves programming with Scratch and Python—designed to
promote computational thinking—obtain significant improvements in several dimensions
of logical-mathematical reasoning, assessed using the BADyG psychometric battery.

In particular, gains in these variables in the experimental group were higher than
those in the comparison group in logical reasoning, numerical factor, visual-spatial factor,
and general intelligence, with effect sizes that range from moderate to large. However, no
significant differences were found in the verbal factor between groups. Given the nature of
the intervention, which primarily emphasizes logical-mathematical reasoning and problem-
solving processes, substantial changes in verbal intelligence were not necessarily expected.
The absence of significant differences in the verbal factor is therefore consistent with the
cognitive focus of computational thinking-based activities.

In this context, gains observed in the general intelligence factor should be interpreted
as improvements in test-related cognitive performance sensitive to educational intervention,
rather than as changes in stable or trait-like intelligence constructs.

From an educational standpoint, the strongest and most meaningful effects were
observed in the numerical, visual-spatial, and general intelligence factors, suggesting
that computational thinking interventions particularly reinforce core cognitive processes
underlying logical-mathematical reasoning rather than producing generalized gains across
all cognitive domains.

Furthermore, education level had a significant principal effect, with greater gains
in the early years of ESO followed by a tendency to gradually diminish in Bachillerato,
although it was not possible to confirm a statistically significant interaction between level
and group. As affirmed by Li and Oon (2024), this pattern is consistent with the role played
by education level as a moderating variable in the impact of computational thinking.

These results concur with other studies that link computational thinking to the de-
velopment of advanced cognitive skills, particularly those related to logical-mathematical
reasoning (Grover & Pea, 2013; Scherer et al., 2019; Shute et al., 2017; Zambrano-Choez
et al., 2025). In line with Wing (2008) as well as the ISTE and CSTA (2011), computational
thinking encompasses processes such as decomposition, abstraction, the use of algorithms,
pattern identification, and generalization, all of which tie in directly with the ability to
solve mathematical problems in a structured and efficient manner.

In this context, improvements observed in numerical factor, visual-spatial factor, and
general intelligence may be seen as boosting the logical organization of thinking, symbolic
representation and problem modeling, as highlighted by Román-González et al. (2017).

The results show a pattern with a significant impact on the numerical and visual-
spatial factors. Using environments such as Scratch and Python enabled students to work
with concepts like coordinates, variables, control structures, graphical representations, and
algorithmic models to solve problems. This, in turn, helped with the understanding of
abstract mathematical concepts and the exploration of the logical underlying structures
(Pinargote-Zambrano et al., 2024; Sáez-López et al., 2016). From a constructionist perspec-
tive (Papert, 1980, 1993), creating one’s own projects in these environments becomes a
driver for learning, since students “program to learn” rather than merely “learning to
program”, and thus build mathematical knowledge by elaborating and experimenting with
artifacts that are meaningful both to the learners and to their learning context.
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As regards the effect of education level, results indicate that improvements in nu-
merical reasoning, visual-spatial reasoning, and general intelligence occur primarily in
the early years of ESO. As students progress through the education system, these gains
become more modest, especially in Bachillerato. This may be explained from the standpoint
of developmental psychology; the transition from concrete operations toward the more
formal thinking described by Piaget (1981), as well as the role played by the zone of prox-
imal development in the acquisition of new cognitive skills (Vygotsky et al., 1978). It is
reasonable to assume that there is a greater margin for improvement in the early years
and that tasks based on computational thinking adapt best to students’ zone of proximal
development. In contrast, in Bachillerato, many of these cognitive structures have already
been well established, which might account for there being less of an improvement. Such
reasoning concurs with the meta-analysis conducted by Li and Oon (2024), who point out
that education level moderates the impact of computational thinking, with stronger effects
at earlier educational stages.

In this regard, the absence of a statistically significant interaction between education
level and group suggests that, while the magnitude of gains varies across school years, the
intervention does not produce qualitatively different effects at specific educational stages.
The observed impact should therefore be interpreted as broadly consistent across secondary
education under the instructional conditions of this study.

Use of the BADyG battery as an assessment tool fully aligns with these results, as
it allows for the measurement of different aptitudes such as numerical series, logical
matrices, numerical problems or matching shapes whilst also grouping them into second-
order factors. This offers a clearer and more structured representation of intelligence,
together with a suitable level of validity and reliability in educational contexts (Yuste &
Martínez, 2003a, 2003b). In this study, the fact that improvements were found mainly
in the numerical and visual-spatial factors, as well as in general intelligence, aligns with
previous works; computational thinking and IT programming boost the processes of logical
reasoning that underpin these dimensions (Román-González et al., 2017; Scherer et al., 2019;
Shute et al., 2017).

Limitations and Proposals for Improvement

Although the results of this study do provide consistent evidence concerning the im-
pact that computational thinking has on logical-mathematical reasoning, certain limitations
should be taken into account. First, although intervention was carried out at two different
schools (one in Spain and another in Colombia) and over two consecutive academic years,
student distribution by education levels was not totally homogeneous. This might have
affected the sensitivity of some analyses, particularly in the level × group interaction,
where the results showed p-values that were very close to the significance threshold. It
would prove advisable to repeat this study using samples that are more balanced between
school years and between schools in order to enhance the validity of the results.

Additionally, as the study relied on a quasi-experimental design with non-randomized
groups, residual initial differences between groups cannot be entirely ruled out. Although
gain scores were considered the most appropriate analytical strategy under these condi-
tions, future research employing randomized designs or alternative longitudinal modeling
approaches could further strengthen causal inference. In addition, variables not captured
by the pretest (e.g., prior academic achievement, teacher effects, classroom climate, or other
contextual factors) may have differed between conditions and could have influenced the
observed outcomes.

Secondly, the intervention was carried out by the researchers themselves. This might
have led to bias, either due to prior expectations or due to the manner in which ac-
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tivities were conducted. In order to offset this possible effect, future research should
draw on external teachers when applying the program or should include a double-blind
assessment design.

Furthermore, even though conducting the intervention in two schools and in two coun-
tries is a key strength, the study was carried out within a very specific institutional framework,
which could lessen the applicability of the results to other educational contexts—both national
and international—in which there are different organizational or curricular features. Even
under a shared official curriculum, cross-national implementation may involve cultural, or-
ganizational, or contextual differences (e.g., school routines, available resources, or student
background) that were not modeled explicitly and may have influenced the outcomes. As a
result, broadening the research into other educational environments would help to boost the
generalization of the results.

Finally, it would be interesting to ascertain how permanent the improvements ob-
served in logical reasoning, numerical, and visual-spatial reasoning prove to be. Likewise,
the possible integration of mixed methodologies in studies similar to this (such as qualita-
tive registers through interviews, learning diaries or observations) might help to understand
the cognitive processes that underlie the impact of computational thinking.

In this regard, although the present study is based on a quantitative approach that
allows for the objective measurement of gains in logical-mathematical reasoning, future
research could benefit from the incorporation of qualitative methodologies. Approaches
such as semi-structured interviews, classroom observations, or learning diaries would
enable a deeper exploration of students’ problem-solving strategies, perceptions, and
cognitive processes when engaging in programming activities with Scratch and Python.
This complementary perspective would contribute to a more comprehensive understand-
ing of how computational thinking interventions influence learning beyond measurable
performance gains.

5. Conclusions
The present study provides empirical evidence that a program based on activities that

promote computational thinking using Scratch and Python as programming environments
has a positive educational impact on certain variables related to logical-mathematical
reasoning. In particular, the educational impact has a size effect ranging from moderate to
large in the factors of numerical and visual-spatial reasoning as well as general intelligence
of the BADyG psychometric battery.

The results indicate that education level influences the magnitude of observed gains,
with more pronounced improvements in the early years of ESO and more moderate gains
in Bachillerato. At the same time, the lack of a statistically significant interaction between
education level and group suggests that the intervention operates in a comparable manner
across secondary education, without evidence of stage-specific effects.

From an educational standpoint, these findings support the potential value of in-
tegrating computational thinking within secondary education curricula, provided that
such integration is carefully aligned with curricular objectives, instructional design, and
contextual constraints, and that appropriate teacher preparation and instructional fidelity
are ensured.

Finally, future enquiry should establish longitudinal designs in order to gain insights
into how lasting the impact might be and to deepen current understanding of the cognitive
processes involved in computational thinking.
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