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Abstract: The purpose of this article is to familiarize everyone about CT and its concepts as well 
as connecting CT skills to GLT.  This article will define the term of CT and explain why CT skills 
are critical for everyone.  Next, this article will identify CT characteristics, such as "Fundamental, 
not rote skill” (Wing, 2006, p.35).  Also, this article will present CT concepts, including 
Decomposition, Abstraction, Algorithms Design, Automation, Data Collection, Data Analysis, 
Data Representation, Simulation, Parallelization, and Generalization, in order to connect it to 
GLT.  Finally, this article will describe GLT and its relationship with CT skills. 
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Introduction 

Individuals need to learn Computational Thinking (CT) skills to increase their problem-solving skills that 
are critical for solving real-world issues (Conery et al., 2011b).  Learning CT skills enable individuals to recognize 
when a computer and its applications can assist them to address a problem.  Individuals with CT skills are also able 
to gather and manipulate large data sets for making a decision.  Furthermore, CT skills enable them to solve 
complex problems, build computer systems, and understand strengths and weaknesses of computing in the modern 
era.  
CT Definition and Characteristics 

The human mind is more powerful than computers and other digital tools in solving problems.  Humans 
have the ability to extend their intellectual power by incorporating computers and other digital tools to deal their 
daily problems.  Papert (1996) mentions the term of CT, as a way to forge ideas and use computers to solve 
problems, which allows individuals to analyze problems better and explain solutions more accurately.  The term of 
CT can play a significant role in helping individuals to understand how, when, and where these technologies can be 



 

used to help in problem-solving (Barr, Harrison, & Conery, 2011).  Wing (2006) states, “CT involves solving 
problems, designing systems, and understanding human behavior, by drawing on the concepts fundamental to 
computer science” (p. 33), and more specifically it “is reformulating a seemingly difficult problem into one we 
know how to solve, perhaps by reduction, embedding, transformation, or simulation” (p. 33).  The Computer 
Science Teachers Association (CSTA) and the International Society for Technology in Education (ISTE) have 
worked together in collaboration with other leaders from higher education, industries, and K–12 institutions to 
generate an operational definition of CT, and they state that: 

“ CT is a problem-solving process that includes (but is not limited to) the following characteristics: 
• Formulating problems in a way that enables us to use a computer and other tools to help solve them 
• Logically organizing and analyzing data 
• Representing data through abstractions, such as models and simulations 
• Automating solutions through algorithmic thinking (a series of ordered steps) 
• Identifying, analyzing, and implementing possible solutions with the goal of achieving the most efficient 
and effective combination of steps and resources 
• Generalizing and transferring this problem-solving process to a wide variety of problems.” (CSTA & 
ISTE, 2011, p. 7) 
Computational Thinking is general skills that can benefit individuals because it enhances their intellectual 

skills to deal with ambiguity, complexity, and open-ended problems (Wing, 2010).  It is critical that individuals 
learn CT skills because it provides endless opportunities for creatively solving problems.  Also, learning these types 
of skills would produce problem solvers instead of software users.  Wing (2006) states several characteristics of CT, 
which are distinguished itself from other skills.  One characteristic is that CT is a "Fundamental, not rote skill” (p. 
35).  Fundamental skills mean skills that everyone has to know to live in modern society.  For example, individuals 
have to know how to take advantage of technology in problem solving.  Rote skills mean skills that are driven from 
individuals’ routine.  Individuals tend to memorize some techniques based on repetition, such as mathematical 
equations.  Another characteristic is a “way that humans, not computers, think” (p. 35).  Human intelligence is 
greater than computer intelligence.  Therefore, computers are merely tools and not substance.  Humans use their 
intelligence and computing devices to address any problem they face.   
CT Concepts 

Computational Thinking refers to a number of intellectual skills, practices, and approaches that are 
fundamental in solving complex problems.  These skills and methods involve a set of concepts and capabilities: 
Decomposition, Abstraction, Algorithms Design, Automation, Data Collection, Data Analysis, Data Representation, 
Simulation, Parallelization, and Generalization (Barr, Harrison, & Conery, 2011; Barr & Stephenson, 2011; Conery 
et al., 2011; Google For Education, 2010; Mannila et al., 2014; Park & Jeon, 2015; Selby & Woollard, 2010; and 
Wing, 2006).  Decomposition is “breaking down tasks into smaller, manageable parts” (Conery et al., 2011, p. 8).  
Decomposition is important because it allows individuals to solve small and minor problems, one at a time, instead 
of trying to deal with a complex problem.  Abstraction is “reducing complexity to define main idea [s]” (Conery et 
al., 2011, p. 8).  Abstract thinking is a type of thinking, which can be defined as the “ability to recognize multiple 
meanings and patterns of concepts and generalize to new meanings, ideas, or contexts” (Moorhead, Johnson, Maas, 
& Swanson, 2013, p. 70).  Wing (2008) defines abstraction as  “process – deciding what details we need to highlight 
and what details we can ignore – underlies computational thinking” (p. 3718).  In other words, it is the ability to 
identify general principles, which generate patterns of similarities.  Algorithms Design is a “series of ordered steps 
taken to solve a problem or achieve some end” (Conery et al., 2011, p. 9).  In other words, it is the ability to develop 
step-by-step instructions to solve a problem.  This component of CT is critical because it gives individuals a clear 
visual path that includes a set of rules on how the problem will be solved.  Automation is “having computers or 
machines do repetitive or tedious tasks” (Conery et al., 2011, p. 9).  Individuals operate by mechanizing their 
abstractions and relationships among them (Wing, 2008).  Automation implies the need for some types of 
technology, such as a computer to interpret abstractions.  Data collection is “the process of gathering appropriate 
information” (Conery et al., 2011, p. 8).  Data Analysis is “making sense of data, finding patterns, and drawing 



 

conclusions” (Conery et al., 2011, p. 8).  Recognizing pattern means identifying similarities and differences between 
small pieces of the problem that have been decomposed to solve a complex problem more efficiently.  It is 
extremely critical that individuals are able to find patterns because the more patterns they can identify, the easier and 
quicker their problem-solving task will be.  Data Representation is “depicting and organizing data in appropriate 
graphs, charts, words, or images” (Conery et al., 2011, p. 8).  Computational representation is critical because it can 
reduce the cost and enable storage and transition of data more quickly.  Individuals can present a solution to a 
particular problem in many ways, such as using charts and words (write an essay about a particular topic).  
Simulation is “representation or model of a process” (Conery et al., 2011, p. 9).  It is developing a model to imitate 
real-world processes.  Computational models and simulations can make scientific concepts more accessible, promote 
individuals' understanding of phenomena (Fifield, Grusenmeyer, & Ford, 2014;  Holbert, Brady, Holbert, & Soylu, 
2015; and Schwarz, Meyer, & Sharma, 2007), and test possible solutions.  Parallelization is organizing resources to 
simultaneously perform tasks to achieve a common goal (Conery et al., 2011).  In other words, it is dealing with 
small-decomposed parts of the problem simultaneous to reach a common goal efficiently.  Generalization is “a way 
of quickly solving new problems based on previous problems we have solved” (Curzon, Dorling, Ng, Seldy, & 
Woollard, 2014, p. 4).  It is the ability to transfer prior knowledge of a solution to address a current problem that has 
similar patterns; in other words, it is the capacity to recognize parts of solutions that have been used in dealing with 
a previous problem and may be used in solving current and future problems (National Research Council, 2011).  
GLT and its Relationship to CT Skills 

The Generative Learning Theory was introduced by Wittrock (an American educational psychologist) in 
1974 (Tobias, 2010), and it is used as a way to “integrate some of the research in cognitive development, human 
learning, human abilities, information processing, and aptitude-treatment interactions around the notion of transfer 
of experience and abilities” (Wittrock, 2010, p. 40).  Wittrock theorized that learners are not the passive recipient of 
information; rather they are active participants in the learning process to construct meaningful understanding of 
information found in the environment (Spector, 2008).  Wittrock (1974) stated, “a student may not understand 
sentences spoken to him by his teacher, it is highly likely that a student understands sentences that he generates 
himself” (p. 182).  Wittrock’s theory of generative learning is based on the idea that individuals generate perceptions 
and meanings that depend on their prior experiences (Wittrock, 2010).  Based on GLT, learning occurs when 
individuals try to make sense of presented materials by connecting new information to their prior knowledge 
(Fiorella & Mayer, 2015).  In other words, a learner can generate meaningful knowledge by self-generation of 
relationships and understanding.  

 
 



 

 

 

 

 

 

 

Cognitive Processes 
Generative learning focuses on a series of mental processes: cognitive process, knowledge 

creation process, motivational process, and metacognitive process (Fiorella & Mayer, 2015).  The concept 
map in Figure 1 is illustrative of my conceptualization of the connection between GLT and CT skills.  
Mayer (2010) stated, “learning is an active process in which the learner seeks to make sense of the 
presented material by engaging in active cognitive processing during learning” (p. 46).  As mentioned 
earlier in the active processing assumption section, meaningful learning involves three cognitive processes 
(Selecting, Organizing, and Integrating) and their interactions with three memory stores (Fiorella & Mayer, 
2015).  These three cognitive processes cannot occur if the learner does not collect data by watching, 
listening, or reading presented materials.  When learners watch a video tutorial or read a book (Data 
Collection), they must select the most relevant information that will be held as an exact copy in sensory 
memory (Fiorella & Mayer, 2016).  Wittrock (1989) stated, “People ignore some information and actively 
attend to other information” (p. 348).  Next, the learners’ brain will use the working memory to organize 
the selected information into a coherent mental representation (Fiorella & Mayer, 2016).  Wittrock (1989) 
mentioned that generative learning involves “active generation of relations among parts of the text [or the 
presented materials]” (p. 349).  Then, the learners’ brain will activate the long-term memory to bring the 
relevant prior knowledge and to integrate it with the new representation constructed in working memory 
(Fiorella & Mayer, 2016).  Generative learning involves “active generation of . . . relations between the text 
[or presented materials] and [prior] knowledge or experience [s]” (Wittrock, 1989, p. 349).   

Abstraction, Data analysis, and Decomposition are all related to each other and to the three 
cognitive processes: selecting, organizing, and integrating.  By selecting the relevant information, learners 
will be able to decide what data they need to highlight and what data they need to ignore (Abstraction) 

Figure 1 Conceptual Understanding of the Connection Between CT Skills and GLT 
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(Wing, 2008).  By organizing the selected information and activating the prior knowledge, learners will be 
able to find patterns between the existing knowledge and the organized data -the new representation- (Data 
analysis).  Finally, by using abstract thinking and analyzing the data, learners will be able to break down a 
complex problem into smaller and manageable parts (Decomposition) (Conery et al., 2011a).  Based on 
Fiorella and Mayer (2016), the processes of organizing and integrating data are called generative 
processing because it involves constructing a new mental representation based on learners’ existing 
knowledge.  The cognitive processing allows learners to develop meaningful knowledge that they can use 
in new situations. 
Knowledge Creation Processes 
 Wittrock (1974) stated, “People tend to generate . . . meanings that are consistent with their prior 

 knowledge” (p. 88).  It means that learning depends on both the presented materials and learners' 
 experiences.  In other words, learners must construct connections between the presented material and their 
 prior knowledge in order to learn.  Creating meaningful knowledge “is a process of generating . . . 
 associations between stimuli and stored information” (Wittrock, 1974, p. 89).  In generative learning, there 
 are three critical steps in the creation of knowledge: selecting information for further processing, 
 constructing internal connections among them to form a coherent representation, and building external 
 connections with other representations in a systematic way (Fiorella & Mayer, 2015).  The Generative 
 Learning Theory enables learners to transform the incoming information from presented materials, such as 
 words and pictures, into meaningful and usable knowledge, such as mental models and schemas.  The 
 Generative Learning Theory enables learners to transform the incoming information from presented 
 materials, such as words and pictures, into meaningful and usable knowledge, such as mental models and 
 schemas.  As a learning occur, individuals develop sophisticated schemas, and this is what makes a novice 
 to become an expert in the field (Sorden, 2005).  In addition, Norman (1993) mentions that mental models 
 enable individuals to understand their prior knowledge and also assist them to respond to the future 
 situations (Generalization).  This means that obtained new knowledge about particular situations would 
 enable learners to transfer the obtained knowledge to address a new problem that has similar patterns. 

Metacognitive and Motivational Processes 
 Harris and Hodges (1995) defined metacognition as “an awareness and knowledge of one’s mental 
processes such that one can monitor, regulate and direct them toward the desired end” (p. 153).  
Metacognitive processes allow individuals to identify which information is needed, which prior knowledge 
to activate, and what types of knowledge need to be structured (Fiorella & Mayer, 2015).  According to 
Flavell (1979), metacognition includes both metacognitive knowledge (i.e., it is the acquired knowledge 
that can be used to regulate cognitive processes) and metacognitive regulation (i.e., it is the use of learning 
strategies to control cognitive activities and to ensure that a cognitive outcome will be met).  These 
processes help individuals to regulate their learning by planning cognitive activities and checking its 
outcomes.  The self-questioning strategy can be used to ensure that the cognitive goal of comprehension is 
met (Livingston, 2003).  To illustrate, imagine you have been given a problem in a scenario form.  After 
reading the script, you may question yourself about the presented problem in the scenario.  In this case, the 
cognitive goal is to understand the problem.  If you can answer the questions that you have generated, that 
means you have met the cognitive goal by understanding the problem.  
 Fiorella and Mayer (2016) stated, “generative learning depends on the ability to accurately 
evaluate one’s own understanding of the material and to select appropriate learning strategies that prime 
selecting, organizing, and integrating” (p. 719).  Clearly, understanding problems help individuals to (1) 
develop step-by-step instructions to solve a problem (Algorithms Design), (2) determine the need for 
incorporating technology to address a problem (Automation), and (3) distribute tasks and work in groups 
simultaneous to solve the problems more efficiently (Parallelization).  In addition, after understanding a 
particular problem and finding the appropriate solution, individuals need to find a way to depicts and 
organize results (Data Representation).  In some cases, individuals need to test the solution by developing a 
model to imitate the solution processes (Simulation).  
 Fiorella and Mayer (2016) mentioned that individuals must be motivated to begin and maintain 
generative processing even if they have strong metacognitive skills.  Motivation is defined as “a cognitive 
state that initiates, energizes, and maintains goal-directed behavior” (Fiorella & Mayer, 2015, p. 388).  In 
other words, individuals must be willing to invest cognitive effort toward understanding the presented 
material during learning.  Motivation can be influenced by many factors, such as the individuals’ interests, 
goals, beliefs, and attributions.  To generate knowledge, individuals need both solid metacognitive skills 
and motivation to initiate, maintain, regulate, and direct appropriate cognitive processing during learning 



 

(Fiorella & Mayer, 2016). 
Conclusion  

The purpose of this paper is to familiarize everyone about CT and its concepts as well as connecting CT 
skills with to GLT.  The paper had four main sections: introduction; CT definition and characteristics; CT concepts; 
and GLT and its relationship to CT skills.  In the introduction section, the author explained why CT skills are 
important for everyone. The next section, the author defined CT term. Then, the author introduced CT concepts in 
order to connect it to GLT.  In the final section, the author described GLT and its relationship with CT skills. 
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