What to Tune in Little Programmers?
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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.

Concept Understanding Skill
Concept Application Skill
Innovation Skill

Logic Skill

Structure Understanding Skill
Syntax Understanding Skill
Syntax Application Skill
Structure Application Skill

9. Problem Solving Time Skill
10. Overall Programming Performance Skill
11. Error Handling Skill
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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

(b) {Structure Understanding, Syntax Understanding, Concept Understanding} and (c) {Structure Appllcatlon
Syntax Application, Concept Application, Logic, Innovation} relate to skills of Bloom's taxonomy's lower-level
cognitive domain , 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 (2), (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. MTUTSs help to enhance programmers' application, memorization and error handling skills.
MTUTSs 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 MTUTSs [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.
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Figure 1: Relation between skills present in Bloom's taxonomy's lower-level cognitive domain and
programming language skills.
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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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Figure 3: Hike in Programming Skills Observed After Using Rhythmic Prompt Method.
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Figure 4: Hike in Programming Skills Observed After Using Rhythmic Micro-Tutorial Method.

Lo ap IN Ps5 EH CA Ccu P5T
LO 1
OP | 0.82319443 1
IN | 0.923132966| 0.8520106493 1
P5 | 0.792703354| 0.921526326| 0.852785243 1
EH | 0.870473969| 0.867439068| 0.865416637| 0.888043735 1
CA | 0.850514288| 0.909341638| 0.868104875| 0.57884134( 0.9030773 1
CU | 0.281838291| 0.231850222| 0.285202416| 0.288977965( 0.234394921| 0.21487636 1
P5T| 0.269642595| 0.285634279| 0.297567814| 0.300107069( 0.286498947( 0.245923435| 0.640093239

Figure 5: Pairwise Correlation Between Some Programming Skills.

[Where LO=Logic; OP=Overall Programming; IN=Innovation; PS=Problem Solving; EH=Error

Handling; CA=Concept Application; CU=Concept Understanding; PST=Problem Solving Time;]

References

[1] B.S. Bloom, M.D. Engelhart, E.J. Furst, W.H. Hill, D.R. Krathwohl. “Taxonomy of educational objectives:
The classification of educational goals. Handbook I: Cognitive domain”. New York: David McKay
Company-1956.



[2] Jacques Wainer and Eduardo C. Xavier, A Controlled Experiment on Python vs C for an Introductory
Programming Course: Students’ Outcomes. ACM Trans. Computer Education 18, 3, Article 12, August 2018,
16 pages. DOI:https://doi.org/10.1145/3152894.

[3] David Weintrop and Uri Wilensky, Comparing Block-Based and Text-Based Programming in High School
Computer Science Classrooms. ACM Trans. Computer Education, 18, 1, Article 3, October 2017, 25 pages.
DOl:https://doi.org/10.1145/3089799.

[4] Vural L. (2016) Instructional Methods. In: Akdeniz C. (eds) Instructional Process and Concepts in Theory
and Practice. Springer, Singapore.

[5] Kersten S. (2018) Approaches of Engineering Pedagogy to Improve the Quality of Teaching in Engineering
Education. In: Drummer J., Hakimov G., Joldoshov M., Kéhler T., Udartseva S. (eds) Vocational Teacher
Education in Central Asia. Technical and Vocational Education and Training: Issues, Concerns and Prospects,
vol 28. Springer, Cham.

[6] Dijkstra, E. W., A Discipline of Programming, Prentice-Hall, 1976.

[7] Brian W. Kernighan and Dennis M. Ritchie. 1988. “The C Programming Language” (2nd. ed.). Prentice Hall
Professional Technical Reference.

[8] Bijarne Stroustrup. 2013. The C++ Programming Language (4th. ed.). Addison-Wesley Professional.

[9] Harrison N.B., Avgeriou P. (2007) Leveraging Architecture Patterns to Satisfy Quality Attributes. In:
Oquendo F. (eds) Software Architecture. ECSA 2007. Lecture Notes in Computer Science, vol 4758.
Springer, Berlin, Heidelberg.

[10]G.J. Myers, “The Art of Software Testing”, John Wiley & Sons, Inc., New Jersey (2004).

[11]Kuhn, Tobias, Paolo Emilio Barbano, Mate Levente Nagy, and Michael Krauthammer, “Broadening the scope
of nanopublications”, In Proceedings of ESWC 2013, pages 487-501. Springer.

[12]S. Williams, R. Power, A. Third, “How Easy Is It to Learn a Controlled Natural Language for Building a
Knowledge Base? 7, In: Davis B., Kaljurand K., Kuhn T. (eds) Controlled Natural Language, CNL 2014.
Lecture Notes in Computer Science, vol 8625. Springer, Cham.

[13]P.B. Feuto Njonko, S. Cardey, P. Greenfield, El W. Abed, “ RuleCNL: A Controlled Natural Language for
Business Rule Specifications™, In: Davis B., Kaljurand K., Kuhn T. (eds) Controlled Natural Language. CNL
2014. Lecture Notes in Computer Science, vol 8625. Springer, Cham.

[14] Sukkarieh, Z. Jana, “Mind your language! controlled language for inference purposes”, In Proceedings of
EAMT-CLAWO3, pages 160-169, Dublin City University, 2003.

[15]OMG (Object Management Group), Semantics of Business Vocabulary and Business Rules (SBVR), v1.0.
http: //www.omg.org/spec/SBVR/1.0/PDF, 2008.

[16] Siddharth Srivastava and T.V. Prabhakar, "Micro-Prompt: A Strategy for Designing Pedagogically Effective
Assignment Free Micro-Lectures for Online Education Systems,” 2021 International Conference on
Advanced Learning Technologies (ICALT), 2021, pp. 224-228, doi: 10.1109/ICALT52272.2021.00073.

[17]Siddharth Srivastava and T.V. Prabhakar, " Micro-Tutorial: A Strategy for Integrating Error Handling and
Concept Application Skills in Traditional Micro-Lecturing Process," International Conference on Advanced
Learning Technologies (ICALT), 2022 (accepted).

[18] Siddharth Srivastava and T.V. Prabhakar. 2021. “Some Patterns for Architecting Lectures.” In 26th European
Conference on Pattern Languages of Programs (EuroPLoP'21). Association for Computing Machinery, New
York, NY, USA, Article 30, 1-6. DOI: https://doi.org/10.1145/3489449.3490008.

[19]S. Srivastava, T.V. Prabhakar (2021) “Understanding The Role Of Micro-Interrogation For Framing
Assignment Free Micro-Lectures”, Inted2021 Proceedings, pp. 5169-5175.

[20]Z. Ping, L. Fudong and S. Zheng, "Thinking and Practice of Online Teaching under COVID-19 Epidemic,"
2020 IEEE 2nd International Conference on Computer Science and Educational Informatization (CSEI),
2020, pp. 165-167, doi: 10.1109/CSEI150228.2020.9142533.



