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This article analyzes the way in which educators and researchers have pronounced themselves
for incorporating computer programming in the K-12 curricula (basic and secondary education),
recognizing its cognitive benefits in those who practice it, which can be useful in contexts other
than computing, by influencing the development of higher order thinking skills and problem
solving, both concepts integrated in the so-called computational thinking (CT). The proposal
includes the vision of various authors, who conclude that the transfer of cognitive programming
skills does not happen correctly given the prevalence of educational interventions designed
under the belief that it occurs as an automatic and spontaneous process. The structure of the
article is made up of three fundamental aspects: (1) historical account of the definition of
knowledge transfer (KT), its main theoretical and classificatory taxonomies; (2) integration of
existing definitions on CT and the way in which the formulation of various study plans in different
countries has resulted; and (3) the investigation of different challenges and implications present
in the CT, as well as recommendations for its improvement, taking as a reference the results of
experiments carried out in different academic fields, proposed in order to strengthen both the
KT as well as the CT.
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INTRODUCTION
The theoretical-practical development of computational thinking (CT) arose in an atypical way, arising first
in industrial work environments, with later incorporation in higher education scenarios and descending to the
rest of the educational levels until reaching basic education. thus being formally incorporated into the
curriculum (Bocconi et al., 2016a; Sánchez-Vera, 2019). At present, governments around the world have
sought to improve such curricular conditions, incorporating new compulsory knowledge of CT, considering
that its essence is directly related to the ability to solve problems (Li et al., 2020).
At present, the cognitive benefits of CT have been proven, observing that computer science programmers
and students develop greater problem-solving skills (Salehi et al., 2020), especially in aspects of how to
organize a process, as well as, recognize routines or repetitions, and develop a high capacity to identify errors
in the operation of a system (Valverde-Berrocoso et al., 2015). Such cognitive training is known as systemic
thinking, with which an interdisciplinary conceptual framework is built, used to observe a wide range of areas
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that make up a whole (system) and its components (subsystems), applied not only to computing but also to
scientific, organizational, personal and public systems (Sahaked & Schechter, 2016).
Since CT is considered a universal competence, whose training process must begin in childhood, thus
awakening the analytical capacity, which becomes a fundamental part of school learning (Voogt et al., 2015).
The integration of CT in a formal and compulsory way can only happen through its enclave in the curriculum,
starting from basic education as a starting point and its future inclusion in the rest of the educational levels
until reaching the higher level, but also, this can happen through informal and non-formal education to
complement specific learning processes. Formal, informal and non-formal education demand the definition
and implementation of CT-based interventions.
The objectives set to be achieved through the analysis presented in this article are concentrated in three
approaches:
1. study the knowledge transfer (KT) as a determining action to achieve the effective use of knowledge,
skills and attitudes from a teaching process, studying various theoretical and practical aspects that
typify the different forms of KT of CT;
2. identify the cognitive processes that are involved in the development of CT, as well as the formal
educational actions that contribute to making this situation happen more appropriately, especially
during basic education; and
3. analyze the implications of CT intervention processes in the field of basic education, taking as a
reference the theory of cognitive constructivism, where the child constructs meanings from previous
learning and experiences, which reinforce the structure of activities and training included in the
curriculum.

KNOWLEDGE TRANSFER AS A TEACHING AND LEARNING PROCESS
KT is defined as the effective use of the knowledge, skills and attitudes acquired in an educational or
training program (Peng et al., 2021; Shafie et al., 2020), becoming the preparation for future learning (Seufert
et al., 2021), in two basic typifications: of training and learning, which are practically synonymous, where what
really matters is the application of the knowledge acquired (Darling-Hammond et al., 2020). The KT contributes
to making information portable, since it travels with the student to new locations and is applied in a novel,
interesting and innovative way and happens in the form of meanings, expectations, generalizations, concepts
or perceptions that are developed in previous situations and they are used in later ones (Vidal et al., 2021).
The classical positions of learning and KT can be expressed in three fundamental visions:
1. the doctrine of formal discipline, which maintains that the mental improvement resulting from learning
is not specific, but occurs as a result of generalization to other domains, especially when applied in
intellectually challenging subjects such as Latin and mathematics (Shin & Bolkan, 2021);
2. the theory of identical elements, which maintains that training in one activity or function will only be
transferred to another if they share common elements (Bonney et al., 2017); and
3. the theory of generalization, where the student abstracts for himself the general rules or principles of
the situations he faces (Anderson & Beavis, 2018; Barnett et al., 2020).
From these three positions arise different debates on KT between the defenders of the formal discipline and
the defenders of the theory of the identical elements.
The typification of the forms of KT is still under debate; however, contemporary perspectives are based
on the basis that their structure offers coincident or similar elements, in the sense that, in a traditional way,
they are based on identifying specific stimuli, characteristics of the context, domain of knowledge, and
psychological tasks (Bacon et al., 2021). Taking this as a reference, the main taxonomies in relation to KT are
grouped into four:
1. By the type of knowledge that is transferred. This position corresponds to Saks et al. (2021) and is
made up of various categories: content, declarative actions, procedural actions, metacognition, as well
as literal, vertical, lateral, reverse, proportional, and relational learning.
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Figure 1. Classification of knowledge transfer models
2. By the distance between the learning situation and KT. Barnett et al. (2020) and When and
Montalvo (2018) observe this distance, both in content and context. In content, distance is measured
in three factors: specificity of what has been learned, type of performance, and memory demand; in
context, it is measured by field of knowledge, physical, temporal, functional, and social context.
3. By the characteristics of the task. Alabau Gonzalvo et al. (2020) and Tarn and Yen (2020) distinguish
three types of KT: (1) within the task (a task similar to the previous experience is carried out); (2)
between tasks (applies to a superficially different situation, but functionally equivalent to the previous
one); and (3) inventiveness (develops a new solution based on critical similarities and differences
between the source and target tasks).
4. For the intellectual effort that they imply. Difference between low road KT and high road KT. The
first involves the activation of repetitive routines practiced by stimulus conditions similar to those of
the learning context; and the second, consists of a deliberate and laborious abstraction, as well as a
search for connections (Ololube, et al., 2015). This type of KT classification is later included under the
vision of Barnett et al. (2020) and When & Montalvo (2018) under the names of near KT and far KT.
Among the models available to evaluate KT, the following are identified:
1. the training evaluation model, which raises four criteria: reactions of the participants, learning, transfer
and results (Alsalamah & Callinan, 2021) and
2. the training transfer evaluation model, which involves three components: teaching or training inputs,
teaching or training results, and KT conditions, the latter under two conditions or dimensions:
generalization of learning and maintenance learning over a period of time (Ellington et al., 2015; Shafie
et al., 2020).
Historically, in empirical studies, there have been three evidentiary theoretical positions that agglutinate
the behavior of KT:
1. “Bo-peep” theory that states that KT will take place spontaneously and automatically (Kassab, 2021);
2. “Good shepherd” theory, which suggests that when KT is provoked, practiced and reflected upon is
easy to achieve (Gordon & Doyle, 2015; Salomon & Perkins, 1989; van Peppen et al., 2021), these two
positions generate two conditions: generalization and maintenance of acquired learning and the
indicator of adaptability; and
3. “The black sheep” theory, based on the fact that KT is not presented and that it has become the black
sheep of the studies of the educational community (Gordon & Doyle, 2015; Zouhri & Rateau, 2015;
Chen & Zhang, 2021).
All the KT study proposals are summarized in Figure 1.
Contemporary Educational Technology, 14(3), ep367
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A wide range of factors can make or break the achievement of KT in the workplace. These factors have
been treated in the literature in two general ways:
1. as predictor variables (Ellington et al., 2015; Shafie et al., 2020), manifested when a person is in the
best mood for KT to occur when they are aware of acquiring meanings and skills that are widely
applicable in learning and life (Römgens et al., 2020), and you must want to solve new problems and
take risks and
2. as influential variables in KT (Sonhaji et al., 2020), where the influential variables with the strongest
association with KT are: the learner’s cognitive ability, scrupulousness and voluntary participation in
training, support from the supervisor or the apprentice’s colleagues, as well as the KT climate and the
organizational restrictions in their work environment (Ornelas-Gutiérrez et al., 2016).

COGNITIVE PROCESSES INVOLVED IN COMPUTATIONAL THINKING
To better understand the construction of the definitions of CT, it becomes necessary to return to its origins.
During the 20th century, with the emergence of computing and informatics, it was required to generate CT
processes to program the first analog and digital computers. It was not until 1950 when the first
programmable electronic computers were developed, thus initiating systematization processes based on CT,
which were only necessary for the exercise of professionals related to computer systems (Denning & Tedre,
2019). The subsequent development of CT happened when computing was incorporated into educational
media, first at universities and later at lower academic levels. Initially, within higher education, where this
phenomenon occurred from 1960 on and formal teaching properly began within the field of CT skills, its
theoretical precedent being constructionism, a theory that links classical currents of learning with technology
(Zapata-Ros, 2015).
The definition of CT shows a variety of interpretations, having as its main starting point, being considered
a third competence within the school curriculum, after digital literacy and digital culture (Barr & Stephenson,
2011; Lee et al., 2020; Li et al., 2020; National Research Council, 2010; Polanco Padrón et al., 2021; Polizzi,
2020). One of the best-known definitions was offered by Wing (2011), who affirms that CT is a problem-solving
ability, based on certain specific skills and techniques that constitute the basis of digital culture and that
“implies the design of systems and the understanding of human behavior, based on the fundamental
concepts of computing “(p. 33); Aho (2012) simplified this definition as: the thought processes involved in
formulating problems, so that “their solutions can be represented as steps and computational algorithms” (p.
832); and Denning and Tedre (2019) proposed that CT includes mental skills and practices to design
calculations where computers do work for us and as a consequence, explain and interpret the world as a
complex of information processes.
In an attempt to offer conclusive conceptions, Román-González (2016) distinguishes three types of
definitions of CT: (1) generic; (2) operational; and (3) educational and for use in school curricula. The most
frequent definitions are considered operational, such as those proposed by Wing (2011) and those elaborated
by The International Society for Technology in Education (CSTA & ISTE, 2011). Followed by this type, are the
offerings that are related to definitions for educational use, linked to conceptual frameworks, from which
curricular and pedagogical alternatives have been developed, as is the case of the DigComp model created
by the Joint Research Center of the European Commission for Science and Knowledge (Carretero Gómez et
al., 2017).
With the passage of time, the training in CT processes jumps to other contexts, especially manifested in a
variety of educational levels, completing a certain cycle through its inclusion upon reaching the K-12
educational level, where computing gained popularity by first time. All of this happened around the work of
the Massachusetts Institute of Technology (MIT) in the 1980s, when it pioneered the idea of children
developing procedural thinking through LOGO programming. Although the phrase and the notion of CT
seems to be confused with the term computational literacy, in the reality of research and in current practice,
the two phrases are used interchangeably (Lodi, 2020); however, in educational processes they must be
separate both concepts, CT being the ‘material’ tools related to programming environments and computer
literacy, the ‘cognitive’ and ‘social’ aspects experienced by the learner (Jacob & Warschauer, 2018; Roncoroni
Osio et al., 2020).
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In recent years, educators and researchers have spoken out for incorporating computer programming
into K-12 curricula (basic and secondary education) (Lye & Koh, 2014), while, at the level of institutions with
broad influence on the global public policies, such as UNESCO, through its Institute of Statistics (UIS), have
defined global reference frameworks on the contribution to digital literacy, which include both CT and
computer programming as fundamental elements of the training of children and adolescents (Law et al.,
2018). Both in the theoretical conceptualization of CT, and in the foundations that support the previous
initiatives, there are multiple coinciding elements, which are concentrated in three global dimensions:
1. Foundations: Decomposition, pattern recognition, abstraction, and algorithms (Ríos Félix et al., 2020).
2. Categories: Data practices, modeling and simulation practices, computational problem solving
practices, and systematic thinking practices (Cruz Castro et al., 2021; Weintrop et al., 2016).
3. Areas of competence: Empowerment, digital citizenship, knowledge construction, innovative design,
CT, creative communication, and collaboration (ISTE, 2016).
The popularity of CT in the educational field is based on the affirmation of researchers and computer
scientists that learning to program computers has various cognitive benefits (Lee et al., 2020), such as the
improvement of thinking skills linked to creativity, reasoning, mathematical and planning skills (Scherer et al.,
2019). The cognitive processes involved in CT, proposed by Shute et al. (2017), focus on the reformulation of
situations, recursion, decomposition of problems, abstraction and systematic tests. Thus, when comparing
basic CT with the demands to solve problems in the domains of the disciplines of science, technology,
engineering, mathematics (STEM), Barr and Stephenson (2011), they concluded that programming skills, CT
and resolution of problems are intertwined.
The results of empirical research in relation to CT, based on KT, are found in the essential part of education,
which takes advantage of its applications in a flexible way of what has been learned (Anderson & Beavis, 2018;
Barnett et al., 2020). However, research in education indicates that KT is difficult and unlikely to occur
automatically, especially between distant knowledge domains (Darling-Hammond et al., 2020). KT can happen
through two forms of KT:
1. close (understood as the ability to solve problems similar to those learned during educational training)
and
2. distant (ability to solve problems in situations widely different from those acquired during initial
learning).
Denning (2017) affirms that the distant KT does not exist, which generates a wide controversy, in addition
to this, Scherer (2016) and Scherer et al. (2019), highlight that in the current research there are many
contradictory findings, since there is evidence both for and against KT processes in computer programming.
The consolidation of CT in basic education contexts is now integrated through reference frameworks and
didactic resources based on government initiatives and specific institutions for its development in education,
among which the following stand out:
1. Computer Science Teachers Association (CSTA), who raises CT standards for K-12 (ISTE, 2018).
2. European Commission for Science and Knowledge, who in 2013 proposed the European Digital
Competence Framework (DigComp) program and in 2016, in addition, the DigComp 2.1 program
(Kluzer & Pujol Priego, 2018).
3. British Computer Society, who, in alliance with the BBC, applies a series of techniques for CT across
KS3 / 4 levels in infants in the first grades of school (BBC-UK, 2015).
4. National Science Foundation (NSF, 2019) offering the STEM + Computing K-12 Education program in
2016 and in 2017 from the National Science and Technology Council (NSTC), both with funding from
the CS for All Fund.
5. The Latin American initiative called ‘Learning for the Future’ of Foundation Chile since 2001 (Fundación
Chile [Chile Foundation], 2017), which is a scenario to favor the digitization and development of actors
of the educational system with skills to adapt to the society of the knowledge.
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6. The @prende.mx program of the Mexican government that proposes a Framework of Reference for
Computational Thinking in Basic Education, which proposes the development of digital skills in
children, especially those with low economic resources (Cárdenas Peralta, 2018).
In addition to institutional or governmental initiatives, there are campaigns and impulses of various NGOs
that promote the informal learning of computer skills from an early age, such as: CS Unplugged, Bebras,
Scratch, PBS KIDS Scratch Jr., Minecraft, Kodable, codeSpark Academy, Sphero, Khan Academy, Code Club,
Code Avengers, EU Code Week, Code.org: The Hour of Code, CoderDojo, Code Club, Made with Code,
European Coding Initiative, Computing at School, CompuThink, Code for Change, Google CS First , Epic Queen,
Cuantrix.mx, Programamos.es, Program.ar, among others (Bocconi et al., 2016b).

IMPLICATIONS OF COMPUTATIONAL THINKING IN INTERVENTION PROCESSES
IN BASIC EDUCATION
From the position of cognitive constructivism, the purpose of education is to allow students to generate
new knowledge through a process of construction of meanings with an emphasis on active discovery, based
on previous learning and past experiences (Baker et al., 2019), so that KT is at the very heart of education,
since it takes advantage of the flexible application of what has been learned (Barnett et al., 2020; DarlingHammond et al., 2020).
Currently, learning and KT are considered conceptually indistinguishable, the latter being one of the six
basic and emerging fields in which educational research needs to advance in the 21st century. Research in
the field indicates that KT can be explicitly promoted by employing instructional strategies that reinforce a
strong understanding of knowledge (Ambrose et al., 2014). According to these authors, a specific
methodological proposal is that of ‘teaching to transfer’, which comprises two specific techniques:
1. ‘hugging’, which means teaching to better meet the conditions of similarity of situations by way of
transference close or low road and
2. ‘building bridges’, seeking to promote learning situations, different from those presented in original
situations, seeking distant KT or high road, based on abstraction and reflection in a structured and
mediated way.
The achievement of the far or high way KT is complex and with a low possibility of achieving significant
learning. For example, it is known that the simple teaching of elementary programming does not promote
cognitive skills that require further development of experience and varied applications. In addition, achieving
KT implies the application of certain skills to recognize the similarity between two situations and promote the
KT of different types of knowledge: activate the necessary knowledge and apply it correctly (Saks et al., 2020).
The necessary interventions in distant KT or high road, require achieving depth in the understanding of the
concepts, as well as their generalization, which implies changing environments and building relationships,
instead of reproducing the existing relationships between regular or common tasks (Gysin & Brovelli, 2021).
Both in the KT processes, of the near or low type or of the far or high path type, require the student to
develop flexible reasoning, which is why it is suggested to use a wide range of strategies for different
situations, such as: construction of explanations, modeling, inquiry and project-based approaches and
problem solving (Alabau Gonzalvo et al., 2020). When the expectation is that students manage to transfer
knowledge to new situations, it will be necessary to start by establishing conceptual links, both within and
between thematic disciplines (Green, 2022) and to promote KT between domains, contexts from all viable
fields should be included for learning a body of knowledge and its application in real situations.
Other strategies that are widely recommended to contribute to CT, according to Green (2022) and Lodi
(2020), are based on providing students with the following:
1. adequate time to explore the underlying concepts and generate connections;
2. the proportion of a variety of worked examples with a detailed and explained solution;
3. participation in concrete activities dependent on the context and balanced with those of transcontextualized abstract knowledge;
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4. encourage students to make structured comparisons of different problems, looking for deep and
significant characteristics;
5. cause the applicability conditions of one or another methodology to be discussed in hypothetical
scenarios;
6. ask students to look for contexts in which a particular skill can be applied, to abstract and extrapolate
principles from different real-world situations; and
7. generate situations of self-control over learning (metacognition) to participate in ‘deliberate practices’.
Feedback to students becomes essential in the development of CT, especially about their learning process,
as well as in the guide in different and precise indications, thereby encouraging them to remember a different
exercise in similar strategies, thus promoting analogical reasoning and make them articulate causal
relationships. Since most teachers prepare their classes with an eye toward a list of content objectives, Zohar
and Barzilai (2015) suggest including an additional list of CT objectives as well. The evidence suggests that KT
is more effective in an instruction in which the teacher guides the student (direct instruction), compared to
an instruction in which the student discovers by himself what he has to learn (discovery learning) (Rastle et
al., 2021). In general, it has been proven that some guidance from the teacher can dramatically improve the
result of the KT.
The strategies to adequately achieve the KT processes towards CT, take as a basis the initial learning
situations proposed by the teacher, where it is recommended:
1. look for similarity between what is taught and the KT situation that is desired achieve;
2. provide appropriate experiences;
3. offer a variety of examples to support the concepts and principles being taught; and
4. identify the important characteristics of the task for the understanding of the general principles. In
addition, it becomes essential to conduct the classes in a way that emphasizes the students’ full
attention in the higher order processes of problem solving (Wenzelburger, 2020).
The application of experiments in educational processes and the promotion of CT, make it possible to
point out the following activities as essential to achieve it:
1. Aim to understand and apply the content (Alabau Gonzalvo, 2020).
2. Maximize the socio-cognitive function of group work in the classroom (formulate hypotheses and test
them; explain, interpret and design experiments or devices; justify decisions and reason them critically
(Sotiriou et al, 2020).
3. Develop adequate mental representations (Egan, 2020; Solaz-Portolés & Sanjosé, 2008).
4. Design experiences so that students test their ideas in a rigorous way, for this, the didactic units must
be designed thinking both about the specific contents of the subject (concepts, theories and laws), as
well as the development of cognitive skills, based on the process of analysis, synthesis, inference,
abstract reasoning, among others (Alabau Gonzalvo et al., 2020), favoring learning in multiple contexts.
5. Focus the understanding of the contents and the design of collaborative strategies where the action
must be justified, carrying out a grading in the KT level required in solving the problems that are planted
(Li et al., 2020; Macagno & Apanta, 2019).
6. Teach students to encode information about a problem, a situation that should be characterized by
the way in which information is selected from the text, to later separate the relevant information from
that which is not (Lee et al., 2020).

CONCLUSIONS
Advances in the study of CT in KT have shown extensive development, moving from conceptualization to
validation of methodologies, however, achieving in reality the purposes proposed in its successful application
when required, is a problem of the utmost importance for educational systems.
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The proposals of various taxonomies, which offer possible ways to interpret the scope of CT, still remain
unsatisfied given the need for a pedagogical approach, especially when it lacks the statement of explicit
objectives for the achievement of CT and KT.
The proposed ideal, essentially focuses on achieving a metacognitive thinking of the student about their
mental processes in each learning situation, in this way, the objective of KT would happen as a process of
logical, inductive, deductive and creative reasoning, especially abductive (reasoning descriptive of a fact or
phenomenon to arrive at a hypothesis). The process described above takes place within the human brain as
a result of exposure to a certain experience, under the possibility that the student acquires consciousness,
being able to replicate it and adapt it to future experiences.
The preparation of the student to acquire certain skills and identify patterns of behavior, lies in the
difficulty of making him recognize the similarities and differences between such patterns and get him to
express his cognitive process. The problem proposed in the KT is to make the student aware that when facing
a basic problem, he is able to activate a series of steps and thought processes, which led him to solve similar
problems previously experienced. This would represent metacognition and not learning the mechanical
processes on which most educational programs are based.
The search for KT projected in cognitive benefits of programming for the achievement of CT requires
certain conditions such as: (i) ensuring that the student has sufficient prior knowledge of programming and
understands the elements of KT (objective, purpose and design of a mental plan) and (ii) apply deliberate and
laborious abstraction in search of concepts, similarities and differences between previous and current
situations. The student is expected to achieve this condition, which gives them the possibility of analyzing
strategies based on their experience and selecting the most suitable ones. This would be the practice of KT
under the confidence in its conclusions and in the training of working memory.
KT is consolidated over time, that is why curricular programs related to CT must be structured from the
first school grades, where concepts, operations and programming procedures are deepened, with a wide
repertoire of connections and where the application of the prior knowledge in new situations, observing agility
in task execution times.
The search for transferring the cognitive processes of CT implies developing educational interventions
constituted by declarative-procedural-attitudinal knowledge, according to the age and cognitive maturation
of the group receiving the training program, as well as giving enough time for the concepts to be able to be
assimilated and allow extensive practice in KT programming and thinking (both near or low path and far or
high path) at its different levels of content and context. In these processes, the student’s motivation to
program and transfer is decisive in the success of the program activities, therefore, it becomes necessary to
determine the initial motivation level and maintain the design of interesting and creative practices, which
increase the level motivation-curiosity of the student and thus achieving an adequate KT.

Recommendations for Future Researchers
The research needs that arise in the future on KT, it is recommended to focus on the following aspects:
1. Look for mechanisms to answer the questions that prevail around the ideal duration of an educational
or training program for work to achieve the acquisition of knowledge and training in KT, before
presenting the participating subject with the challenge of using such knowledge and skills in other
contexts.
2. Develop maps or action routes that specify the stages that the mental process of knowledge acquisition
must complete, until such time as these become a resource that is always accessible to the student, so
that they can be used in any situation where they result. relevant, that is, until they are actually able to
use the KT.
3. Carry out empirical research in order to test KT strategies that offer results in relation to time-efficiency,
as well as on the combinations of strategies for the different levels of KT proposed by the taxonomies
included in this article.

Research Limitations
Being a theoretical proposal, this article has limitations, as follows:
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1. Lack of empirical data without a concrete contribution to experimental research; therefore, it is unlikely
to demonstrate the reliability of the approaches in reality.
2. The topic of the KT has not resulted from the interest of both the government and the educational
institutions, both in the training processes and in the subsequent activities of their students when they
graduate. It can be said that the topic of KT is not part of the current educational research agenda and
the mechanisms to achieve it have been few in recent years, so the topic studied may have less impact.
3. The theoretical approach offers a regional vision on the topic of KT, regularly focused on the Latin
American context in which the authors operate; therefore, it is not necessarily the condition that occurs
in other regions of the world.
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critically revising the article. All authors approve final version of the article.
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