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Abstract 

Learning a programming language is not an easy task for beginners. Due to this, teachers always struggle hard to 

teach programming. To teach programming to beginners, teachers primarily focus on programming language 

syntax and its application to solve problems. Online programming courses also focus on the same aspect. In fact, 

automatic programming language learning tools and platforms work on the same concept. This gives a false 

illusion that programming is all about syntax memorization and application. In reality, the art of programming 

deals with many other parameters. This research presents the minimal set of parameters needed to tune beginner 

level programmers. This parameter set consists of eleven programming skills given below. 

1. Concept Understanding Skill 

2. Concept Application Skill 

3. Innovation Skill 

4. Logic Skill 

5. Structure Understanding Skill 

6. Syntax Understanding Skill 

7. Syntax Application Skill 

8. Structure Application Skill 

9. Problem Solving Time Skill 

10. Overall Programming Performance Skill 

11. Error Handling Skill 

 

We conducted a Delphine study to come up with the above-listed parameters. This research also finds a pairwise 

correlation between some of these parameters. These correlations show many interesting trends. For example, 

concept understanding skill shows a weak correlation with most skills, including application skill. At the same 

time, application skill strongly correlates with nearly all skills except concept understanding skill. This helps to 

conclude a fact that concerning programming language concept understanding is a memorization issue. On the 

other hand, concept application is an implementation issue. This research also presents the relationships that exist 

between these skills and Bloom’s taxonomy. Further, this research presents the methods for nurturing these skills. 

We strongly believe that this pairwise correlation helps teachers and educators to design pedagogically effective 

programming lectures and platforms.  

Keywords: Programming Languages, Programming skills, Pairwise Correlation, Online Programming learning 

Tools. 

1. Introduction 

This paper presents a programming skillset that contains eleven skills. These skills are suitable to tune beginner 

level programmers. The research highlights the relationship that exists between these skills and skills present in 

Bloom’s taxonomy’s lower-level cognitive domain. Doing so, prioritize programming skills. This priority helps 

to find the learning order in which programmers learn skills. To learn a programming language, one must master 

all eleven skills. This research presents three methods that help programmers/students to master these skills. These 

methods are (a) analogue based imitation method, (b) rhythmic prompt method, and (c) rhythmic micro-tutorial 

method. Among these methods, (a) is designed using controlled natural language (CNL) [9-10]. Whereas (b) is 

designed using the micro-prompt [16] method and (c) is designed using micro-tutorials [17-19]. Although all 

methods are capable of enhancing every skill, still (a) is suitable for structure and syntax-based skills, whereas (b) 

and (c) are suitable for understanding and application-based skills. Designing prompts for (b), and micro-tutorials 

for (c) is not an easy job and requires extensive planning. This paper concludes by presenting a pairwise correlation 
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between selected programming skills. These correlations help to analyze the fact that problem solving time (PST) 

depends on all skills present in the skill set. It does not depend on a single skill. At the same time, concept 

understanding (CU) is not strongly correlated with other skills because CU differs from application skills. We 

strongly believe that this research help educators and course designers to design pedagogically effective 

programming courses.     

2. New Programmers’ Programming Skills Acquisition Journey and Relation 

Between Programming Skills and Lower Leve Cognitive Skills of Bloom’s 

Taxonomy 

New programmers generally face a tough time while learning a programming language. They start by memorizing 

and understanding the structure of the programming language. This develops their structure understanding skill. 

After understanding the basic structure of a language, programmers try to learn the programming language's 

syntax. By doing so, they try to nourish their syntax understanding skill.  

After understanding the skills mentioned above, new programmers try to apply these skills to solve some very 

small problems. By doing so, they unknowingly enhance their structure and syntax application skills. During 

this phase, new programmers may encounter many syntax errors. Moreover, they often feel frustrated to rectify 

these errors due to limited technical knowledge. Hence, expert support is essential at this phase because students 

may lose their interest in programming without expert support.  

After digesting the skills mentioned above, new programmers are ready for understanding small concepts. So to 

enhance programmers' concept understanding skills, experts ask them to code standard concepts. Experts also 

ask programmers to apply standard concepts to solve some new set of problems. By doing this, experts try to 

enhance programmers' concept application skills. Experts enhance programmers' logic and innovation skills by 

asking them to code more application-based problems differently. 

Experts try to make new programmers comfortable with the skills mentioned above. By doing so, programmers 

become technically sound, and their error handling skills develop exponentially. Developing these skills 

enhances programmers' overall programming performance skills and reduces problem-solving time. 

The above discussion concludes that the skills discussed above can be classified using memorization, 

understanding and application skills described in Bloom's taxonomy's lower-level cognitive domain. Figure 1 

presents the relation between skills present in Bloom's taxonomy's lower-level cognitive domain and programming 

language skills. 

From figure 1, it becomes clear that programming skill sets (a) {Structure Memorization, Syntax Memorization}, 

(b) {Structure Understanding, Syntax Understanding, Concept Understanding} and (c) {Structure Application, 

Syntax Application, Concept Application, Logic, Innovation} relate to skills of Bloom's taxonomy's lower-level 

cognitive domain Memorization, Understanding and Application skills, respectively. Moreover, the development 

of skill set {error handling, overall programming performance problem-solving time} depends on the development 

of skills present in skill sets (a), (b) and (c) [2-10].   

3. Art of Nurturing Programming Skills and Associated Results 

The previous section discusses programming skill sets. To master a programming language, one must master all 

programming skill sets. This section presents some useful methods that help in mastering programming skill sets. 

This research classifies students in two ways (a) using their class performance and (b) using their learning styles. 

In (a) students are classified under three groups based on their class performance, namely High-Performance 

Group (HPG), Moderate-Performance Group (MPG) and Low-Performance Group (LPG). In (b) students are 

classified based on their learning styles or learning abilities. For example, students who learn by memorization 

(LBM) can be grouped as memory-centric students. Similarly, students who learn by doing (LBD) or investigation 

(LBINV) are grouped as understanding-centric students and so on. 

3.1 Analogue Based Imitation Method  

New programmers often face difficulty memorizing and understanding programming language structure and 

syntax. This problem amplifies if English is the second language of the programmer. The analogue based imitation 



method addresses this issue. Instead of directly jumping on programming language structure and syntax, this 

method asks instructors to create some simple dummy/user-defined structures and syntaxes equivalent to 

programming language structures and syntaxes. These structures & syntaxes can be written either in English (like 

pseudocode) or in programmers' native language (like Hindi). Then, these structures and syntaxes are used to 

teach new programmers. Once students start understanding these user-defined structures and syntaxes, then the 

original programming language structures and syntaxes are taught using the analogue of these structures and 

syntaxes.  

We used this method to teach non-English programmers C programming language [11-15]. We designed 

programming structures and syntaxes in the Hindi language and taught students to use them. When students 

become comfortable with Hindi structures and syntaxes, then we migrate them to the original C structure and 

syntax by giving C's original structure and syntax analogous to the Hindi version they were using. We wrote a 

small compiler supporting Hindi language structure and syntax to clarify students' concepts. 

To prove the validity of this method, we floated a fifteen-day-long C programming course for 128 registered 

beginner level students. Throughout the course, they were taught using this method. We conducted pre-test and 

post-test to observe performance hikes concerning the following programming skills: Overall Performance, 

Concept Understanding, Concept Application, Error Handling, Structure & Syntax Understanding, and Structure 

& Syntax Application. We analyzed only these skills because the course was floated for beginner level students, 

so considering other skills into account is of no use. 

We observed performance hike of {17%, 20%, 20%, 21%, 18%, 13%}, {25%, 28%, 27%, 29%, 33%, 24%}, 

{13%, 30%, 17%, 20%, 18%, 11%} concerning {Overall Performance, Concept Understanding, Concept 

Application, Error Handling, Structure & Syntax Understanding, and Structure & Syntax Application} skills for 

LPG, MPG and HPG students respectively. Figure 2 presents hike in programming skills observed after using 

analogue based imitation method. 

3.2 Rhythmic Prompt Method 

When students become comfortable with structure & syntax skills, concept understanding and application skills 

become prime concerns. Although imitation is the best way to learn a programming language, teachers want their 

students to develop and implement their own concepts. The best way to do this is using the rhythmic prompt 

method [16]. In this method, the teacher rhythmically links concepts that he/she wants to teach to students. Then 

teacher initiates the teaching process. Instead of describing the complete concept to the students, the teacher 

prompts some questions (containing hints concerning the concept) to the students. Students can easily understand 

the concept without the teacher's intervention by answering these questions. This method requires lots of effort 

from the teacher's side because designing prompts (i.e., questions explaining the concept) is not an easy task.  

To prove the correctness of this method, we taught a twenty-day-long C++ programming course for 62 registered 

students. Throughout the course, they were taught using this method. We conducted pre-test and post-test to 

observe performance hikes concerning the following programming skills: Innovation, Logic, Concept 

Understanding, and Concept Application. We analyzed only these skills because this method mainly focuses on 

understanding and application-based skills. We observed 26%, 30%, 20% and 18% concerning innovation, logic, 

concept understanding, and concept application skills, respectively. Figure 3 presents a hike in programming skills 

observed after using the rhythmic prompt method. 

3.3 Rhythmic Micro-Tutorial Method 

Due to the COVID-19 pandemic, micro-lectures (MIL) are gaining popularity because they are short, precise and 

heavily populated with knowledge [20]. Teaching programming-based courses using MILs is not an easy task 

because MILs have short lecturing time. However, integrating micro-tutorials (MTUT) with MILs enhances MIL's 

capabilities by allowing them to handle programming language courses [17-19]. 

Micro-tutorials are analogous to MILs. They are 1-3-minute-long tutorials closely associated with their respective 

MILs. MTUTs try to explain the memorization, application and error handling based concepts associated with the 

MIL to students. MTUTs help to enhance programmers' application, memorization and error handling skills. 

MTUTs highlight common mistakes (or errors) which students generally commit while coding a problem. MTUTs 

also provide remedies for these mistakes. Assignments for practice purposes generally follow MTUTs [17-18]. 



We floated a 20-day-long course on 'C' programming for 62 registered students to prove the validity of this 

method. We used the above method to teach them 'C' programming basics. We conducted pre-tests and post-tests 

to measure performance hikes concerning several programming parameters/skills. 

We observed a performance hike of 32% in concept understanding and overall programming skills. At the same 

time, problem-solving skills show a 31% hike and concept & syntax memorization skills show a 30% hike. We 

observed a 29% hike in error handling skills and 28% in innovation and application skills. Figure 4 shows 

performance hikes concerning different programming skills. 

4. Understanding Pairwise Correlation Between Important Programming Skills 

We selected Logic (LP), Overall Programming (OP), Innovation (IN), Problem Solving (PS), Error Handling 

(EH), Concept Application (CA), Concept Understanding (CU) and Problem-Solving-Time (PST) skills for 

finding pairwise correlation. Figure 5 presents the pairwise correlation between the skills mentioned above. We 

know that a correlation value above 0.75 represents a strong correlation between the two parameters. Considering 

this fact, we observed that all skills except CU and PST are pairwise strongly correlated. We observed that CU 

and PST are moderately correlated. However, neither CU nor PST shows a strong or moderate correlation with 

any other skill. The claim supporting this observation states that PST depends nearly on all skills, not on a single 

skill, as discussed in section 2. On the other hand, concept understanding does not ensure application. 

5. Related Work 

Bloom's Taxonomy defines learning objectives [1]. We used this taxonomy to classify programming language 

skills concerning skills present in the lower-level cognitive domain. Researchers compared block-based vs text-

based programming [3] and pseudocode type vs typical syntax-based programming [2]. Many researchers list 

important quality attributes associated with lecturing [4-5]. On the other hand, standard programming textbooks 

clarify programming concepts [6-8]. Researchers from the architecture field talk a lot about quality attributes 

associated with programming and system design [9-10]. We used these works to derive programming skill sets. 

We used controlled natural language (CNL) to design an analogue-based imitation method [11-15]. We used 

micro-prompt [16] and micro-tutorial [17-19] to design rhythmic prompt and micro-tutorial methods. 

 

6. Conclusion 

This research revolves around programming skills. This research presents eleven programming skills needed to 

tune beginner-level programmers. Collectively these skills form a minimal programming skillset for beginner 

level students. To master a programming language, one must master all skills present in this skill set. This research 

relates programming skills with lower-level cognitive skills of Bloom's taxonomy. Doing so helps find the order 

in which programmers must learn these skills. This order starts with memorisation-based skills, understanding-

based skills, and application-based skills. This research further explores different methods for mastering the 

programming skills mentioned above. These methods are tried and tested on students. This research presents all 

test results produced by these methods to prove their validity. Finally, the paper presents the pairwise correlation 

and associated claims. We believe that this research opens new dimensions for designing pedagogically effective 

programming courses and programming tools.        

 

   

 

 



 

 

 

Figure 1: Relation between skills present in Bloom's taxonomy's lower-level cognitive domain and 

programming language skills. 

Figure 2: Hike in Programming Skills Observed After Using Analogue Based Imitation Method. 

[where LPG=Low Performing Group; MPG=Moderate Performing Group; HPG=High Performing Group] 
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