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PAPER

Enhancing Algorithmic Design through 
Mobile-Supported Constructivist Learning:  
A Problem-Based Approach

ABSTRACT
This study examines a mobile-supported constructivist learning environment (CLE) grounded 
in problem-based learning (PBL) to foster computational thinking (CT) and algorithm design 
skills among first-year engineering students. A quasi-experimental pretest and posttest design 
(n = 62) was implemented using a custom web and mobile platform that enabled ubiqui-
tous access, immediate automated feedback, and iterative practice on structured algorithmic 
challenges aligned with CT dimensions related to knowing, doing, and being. This instruc-
tional design builds upon established CLE and PBL frameworks reported in prior studies, 
and is consistent with recent evidence on the role of mobile and intelligent technologies in 
supporting CT development in higher education contexts. Paired sample analyses showed 
statistically significant improvements across CT components, with t values ranging between  
8.22 and 22.92 and Cohen’s d values exceeding 1.0, indicating very large effect sizes. These find-
ings demonstrate a substantial increase in student proficiency from the baseline. Qualitative 
evidence derived from rubric-based reflections highlighted increased autonomy, collabora-
tion, and learner motivation facilitated by mobile access and interactive problem solving. 
The contribution of this work lies in three aspects: a hybrid CLE and PBL instructional model 
operationalized through mobile-supported practice, a competency framework integrating 
knowing, doing, and being dimensions of learning, and empirical evidence of learning gains 
in algorithmic problem solving. The findings support mobile and interactive technologies as 
effective catalysts for flexible and learner-centered instruction in programming education.
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1	 INTRODUCTION

Teaching algorithm design to first-year engineering students remains a complex 
challenge, as many struggle to bridge the gap between abstract logic and practical 
execution. In this scenario, computational thinking (CT) has emerged as a funda-
mental bridge, encompassing cognitive processes such as decomposition, pattern 
recognition, abstraction, and algorithm design [1–6]. These skills are not merely 
technical requirements but are essential for solving the complex problems of cur-
rent times, which is why they have been increasingly embedded into modern 
educational policies and international frameworks [2], [5].

To move beyond broad definitions and truly capture student progress, it is neces-
sary to interpret CT through measurable indicators. This perspective is supported by 
recent frameworks that highlight the critical interplay between systematic logic and 
cognitive evolution as measurable indicators of learning [7], [8]. Specifically, these 
dimensions are defined as follows:

•	 Decomposition: Breaking down data, processes, or problems into smaller, man-
ageable parts

•	 Pattern recognition: Observing trends and regularities within data
•	 Abstraction: Identifying underlying principles that generate these patterns
•	 Algorithm design: Creating step-by-step instructions to solve problems

It is important to recognize that CT is not a static concept; it is an evolving peda-
gogical strategy that adapts depending on the context and the researcher’s intent [6]. 
In the scope of this work, CT is understood as a dynamic set of abilities that empower 
learners to approach problems systematically, integrating the dimensions mentioned 
above to reach effective and creative solutions [5], [6], [9].

The recent global shift toward digital education has accelerated this evolution. 
While prior initiatives explored both connected and unplugged approaches to CT 
development [7], [10], the post-pandemic landscape has emphasized the need for 
flexible, student-centered models that promote genuine autonomy and critical think-
ing [11]. In this context, mobile-supported learning environments have proven to be 
powerful tools for fostering CT, especially when they are grounded in constructivist 
and problem-based learning (PBL) strategies [2], [6], [12].

This study introduces a hybrid constructivist learning environment (CLE) and PBL 
instructional model designed to facilitate ubiquitous learning and iterative practice 
beyond the traditional classroom. The environment is structured around three core 
dimensions (knowing, doing, and being) and is implemented through algorithmic 
challenges that challenge the student’s logic in real-time. By evaluating this approach, 
the objective is to demonstrate how interactive, real-world scenarios can significantly 
enhance CT and algorithm design skills in the early stages of engineering education [4].

2	 RELATED WORK

The integration of CT into educational systems has gained significant momen-
tum, particularly in the context of mobile learning and constructivist pedagogies. 
CT is widely recognized as a core competency for the 21st century, essential for 
problem-solving, algorithmic reasoning, and digital fluency [5], [6], [9]. Global 
frameworks and educational policies have also emphasized CT as a key component 
of digital literacy and lifelong learning [10], [11]. Recent conceptual models highlight 
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CT as a multidimensional construct involving conceptual, practical, and reflective 
dimensions, which aligns with competency-based education [2], [7], [8].

2.1	 Mobile learning and CLE and PBL integration

Mobile-supported learning environments have emerged as effective tools for 
fostering CT, especially when combined with constructivist and PBL strategies [2], 
[6], [12]. These environments enable ubiquitous access, personalized learning, and 
interactive engagement, allowing students to practice algorithmic problem-solving 
beyond classroom boundaries. Mobile technologies enhance learner autonomy, 
motivation, and collaboration, while providing immediate feedback factors critical 
for CT development [4], [6], [13]. Furthermore, mobile learning supports flexible 
and student-centered approaches, which became essential during the COVID-19 
pandemic [11].

2.2	 Didactic strategy based on PBL within a mobile constructivist 
learning environment

Problem-based learning was adopted as the core instructional strategy to 
operationalize the CLE in a mobile context, emphasizing active learning, collabo-
ration, and iterative refinement [3], [14], [15], [16]. In this approach, students act as 
primary agents, while instructors serve as facilitators by guiding discussions and 
providing support rather than delivering traditional lectures. This aligns with the 
goal of PBL to develop the teaching and learning process through activities that 
require the construction of knowledge and the development of skills [13, p. 125].

The design of algorithmic problems followed a structured metadata format 
including title, scenario description, input and output specifications, and examples, 
similar to competitive programming platforms such as Top Coder, Coder byte, Project 
Euler, and ICPC [17]–[22]. In the custom web and mobile platform developed for 
this study, this format was optimized for small screens and integrated with immedi-
ate automated feedback, enabling students to validate solutions, debug errors, and 
iteratively refine their code ubiquitously. This design promoted key CT practices 
such as decomposition, abstraction, and debugging [5], [6], [7], [9].

The PBL cycle was implemented through five sequential stages:

•	 Problem framing on the platform using contextualized scenarios
•	 Team analysis and discussion to identify knowledge gaps
•	 Individual coding and peer review supported by mobile access to enhance 

flexibility
•	 Iterative testing and debugging with real-time feedback provided by the system
•	 Reflection and rubric-based appraisal, reinforcing the knowing, doing, and being 

dimensions of learning [2], [8]

Mobile learning technologies enhanced this instructional strategy by enabling 
ubiquitous access, personalized learning, and interactive engagement, acting as 
catalysts for educational transformation and supporting lifelong learning [2], [6]. 
This integration ensured that students could engage with algorithmic challenges 
anytime and anywhere, strengthening learner autonomy and motivation while 
maintaining alignment with competency-based education principles.
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2.3	 Empirical evidence and trends

Prior to 2020, various initiatives explored both connected and unplugged 
approaches to CT development [7], [10]. The pandemic accelerated the adoption of 
digital and mobile learning environments, reinforcing the need for scalable models 
that integrate technology and active methodologies [11]. Bibliometric analyses 
confirm a growing trend in publications on CT, mobile learning, and interactive 
environments, with recent PRISMA-guided analyses highlighting the specific surge 
of mobile learning applications within higher education settings [23], supported by 
over 2,800 documents indexed between 1987 and 2025 [4]. This reflects increasing 
academic interest in strategies that combine algorithmic thinking with digital fluency.

Several empirical studies have examined CT development in diverse contexts, 
emphasizing the effectiveness of constructivist approaches and technology integra-
tion. Table 1 summarizes representative studies that informed this study design:

Table 1. Similar studies (based on [5]–[7], [9], [12], [13], [24])

Ref. Population Meth. CT Components

[5] Africa, higher education students Qual. Decomposition, pattern recognition, abstraction, algorithms

[6] Thailand, higher education, 3rd-year students Quant. Decomposition, pattern recognition, abstraction, algorithms

[7] Spain, higher education, programming course Quant. Decomposition, pattern recognition, abstraction, algorithms

[9] Africa, secondary school students Quant. Abstraction through discovery, extraction, creation, and assembly

[12] Korea, higher education, liberal arts course Mixed Divergent, critical, and logical thinking

[24] Korea, secondary school students Quant. Problem analysis, data collection, abstraction, algorithm, coding, testing

[13] Turkey, secondary school students Mixed Creativity, algorithmic thinking, collaboration, critical thinking

These studies consistently report that constructivist approaches combined with 
digital or mobile technologies improve CT skills and learner engagement. However, 
most interventions lack a structured competency framework and do not fully 
exploit mobile access for iterative practice and feedback, gaps that are addressed in 
this study.

2.4	 Connection to the current study

This review underscores the need for hybrid models that combine CLE and PBL 
strategies with mobile-supported practice to foster CT in authentic contexts. The 
proposed approach addresses this gap by implementing a custom web and mobile 
platform grounded in CLE and PBL principles, structured around the dimensions 
of knowing, doing, and being, and operationalized through algorithmic challenges 
aligned with real-world scenarios [4].

3	 MATERIALS AND METHODS

This study adopted a quasi-experimental mixed-methods design to examine the 
effects of a mobile-supported CLE, grounded in PBL, on the development of CT and 
algorithmic problem-solving skills among first-year university students.

The methodological design was structured to ensure alignment between the ped-
agogical model, the technological environment, and the assessment instruments, 
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allowing for a robust evaluation of learning outcomes across the dimensions of 
knowing, doing, and being.

3.1	 Research design

A mixed methods approach was employed, combining quantitative and quali-
tative techniques to capture both measurable learning gains and process-oriented 
evidence of student development. Quantitatively, a pretest and posttest design was 
used to assess changes in algorithmic performance and CT-related competencies. 
Qualitatively, rubric-based evaluations and reflective artifacts were analyzed to 
interpret how students engaged with problem-solving processes throughout the 
intervention [17], [25].

The study followed a quasi-experimental design without a control group, which 
is appropriate for authentic educational contexts where random assignment is not 
feasible [15]. The intervention was embedded within a regular academic course, 
ensuring ecological validity.

The instructional strategy was implemented within a CLE framework [24], oper-
ationalized through PBL cycles [26], [27]. Learning activities were structured as 
contextualized algorithmic problems designed to promote active knowledge con-
struction, iterative testing, and reflective practice. The development of CT and com-
putational skills was assessed using established frameworks and indicators [6], [28].

To evaluate the impact of the intervention, paired sample t-tests were applied to 
compare pre- and post-intervention results. The assumptions of paired observations 
and approximate normality were verified prior to analysis, supporting the use of 
parametric statistical procedures.

3.2	 Participants

The sample consisted of 62 first-year engineering students enrolled in the 
Fundamentals of Programming course during the second academic semester of 2023. 
Participants were selected using a non-probabilistic convenience sampling method, 
ensuring that all students had access to the mobile-supported platform as part of 
their regular laboratory sessions. Participation was voluntary, and the study proto-
col was approved by the institutional Ethics Committee and Research Coordination 
Office. All participants signed informed consent forms outlining the objectives and 
procedures of the study, as well as their right to withdraw at any time. All collected 
data were anonymized prior to analysis.

3.3	 Materials and instruments

The design and implementation of the intervention were guided by a structured 
conceptual framework for CT, which informed both the learning environment and 
the assessment instruments. This framework was primarily based on Brennan’s 
model [2], which conceptualizes CT as an integration of concepts, practices, and 
perspectives. In this study, the framework was operationalized through three 
complementary learning dimensions: knowing, doing, and being.

The knowing dimension refers to students’ conceptual understanding of pro-
gramming structures and computational principles. Core programming concepts 
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were organized into progressive instructional packages, including sequences, data 
handling, variables, operators, conditionals, loops, procedures, modularity, and 
debugging. This conceptual organization ensured a gradual increase in cognitive 
demand and supported systematic knowledge construction. An overview of the 
conceptual structures aligned with this dimension is presented in Table 2.

Table 2. Provides a detailed overview of the CLE’s conceptual structures  
as defined by this framework (based on [2])

Package Topics Conceptual Description (Knowing)

Package 1 Sequences A series of steps from individual instructions.

Data Ability to store, retrieve, and update values.

Variables Memory space to store a value.

Operators Support for mathematical, logical, and string expressions.

Debugging Identifying review points.

Package 2 Conditionals Executing different sequences based on decisions.

Package 3 Loops Mechanisms to execute the same sequence multiple times.

Events Actions involving other sequences.

Procedure Functions, or methods, are groupings of instructions for specific tasks.

Parallelism Sequences of instructions occurring simultaneously.

The doing dimension focuses on the practical application of CT through the 
design and implementation of algorithms. Learning activities emphasized abstrac-
tion, decomposition, generalization, algorithmic thinking, and debugging, which 
were embedded in iterative problem-solving processes. These practices guided stu-
dents in constructing, testing, refining, and reusing algorithmic solutions. The oper-
ationalization of CT practices and their associated skills is summarized in Table 3.

Table 3. Provides a detailed overview of the CLE’s practical structures according  
to this framework (based on [2], [29])

Practices (Knowing How) Description Required and Developing Skills

Incremental and Iterative Imagining and building through 
constant progress.

Abstraction, Decomposition

Testing and Debugging Trial and error, seeking 
experience to anticipate.

Generalization, Algorithm,  
Debugging

Reuse and Mixing Consulting and reusing old code 
in a new adaptation.

Generalization, Algorithm,  
Debugging

Abstraction and Modularity Building something large from 
small, functional modules.

Abstraction, Decomposition

The being dimension addresses reflective, contextual, and collaborative aspects 
of computational thinking. This perspective emphasizes learners’ ability to express 
ideas through computing, connect with peers in collaborative problem-solving con-
texts, and critically engage with technological challenges. These elements supported 
the development of learner agency, motivation, and ethical awareness in digital 
environments. The perspective-based structures adopted in this study are summa-
rized in Table 4.
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Table 4. Provides a detailed overview of the CLE’s perspective-based structures  
within this framework (based on [2])

Perspectives (Knowing Being) Description

Express Not just consuming technology, but using computing to create, use, 
design, and express oneself.

Connect The added value of creating with others, communities, and teams 
gives extra value to the outcome.

Ask Empowerment to accept technological changes and be a part of them.

The instructional content was delivered through a set of fifteen contextualized 
algorithmic problems distributed across three instructional packages, each contain-
ing five problems with increasing levels of complexity. Problems followed a stan-
dardized structure including scenario description, input and output specifications, 
and illustrative examples, inspired by competitive programming platforms [17]–[22]. 
This design facilitated clarity, comparability, and automated evaluation. The distri-
bution of problems across instructional packages is presented in Table 5.

Table 5. List of problems distributed by packages

# Package Title of the Problem

1 1 Distance Traveled by a Body

2 1 The Loan

3 1 The Height of the Ladder

4 1 The Parts of a Division

5 1 Final Grades in Technology and Computing

6 2 Overtime Hours

7 2 My Soulmate

8 2 Averages with Range

9 2 Leap Year

10 2 Days of the Week

11 3 LCM

12 3 Greater and Lesser

13 3 Are you a cousin?

14 3 Binary House Power Calculation

15 3 Palindrome Phrases

All algorithmic problems were implemented within a custom web-based appli-
cation with full mobile support. The platform enabled students to submit solutions, 
receive immediate automated feedback, and iteratively refine their code. This 
mobile-supported interaction allowed learners to engage with problem-solving 
activities beyond scheduled class time, reinforcing ubiquitous learning and 
sustained practice.

To evaluate both the learning environment and student outputs, a set of soft-
ware quality and instructional design metrics was applied. These metrics addressed 
alignment with learning objectives, adaptation and feedback mechanisms, usability, 
accessibility, reusability, and compliance with international standards. The quality 
metrics used in this study are summarized in Table 6.
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Table 6. The quality metrics for software development (based on [28])

Measured Factors Description

Learning Objectives Alignment of content with learning objectives, activities, assessments,  
and student characteristics.

Adaptation and Feedback Content adapts to student needs, with feedback driven by differential 
participation.

Design and Presentation Visual and auditory design enhances learning and promotes efficient mental 
processing.

Interaction Usability The learning object allows for easy navigation, a predictable user interface, 
and quality help features.

Accessibility Controls and presentation formats are designed for better accessibility 
for students.

Reusability The learning object is designed for use in different learning contexts and 
for students at various learning levels.

Standards Compliance Adherence to international standards such as SCORM, IEEE LOM, 
W3C HTML, etc.

3.4	 Mobile-supported learning environment

The instructional intervention was operationalized through a custom-built 
web-based platform featuring a fully responsive design. While the environment is 
accessed via a mobile browser rather than a native application, it was specifically 
engineered to support mobile-learning by leveraging the portability and ubiquity 
of smartphones, embracing digital innovation to facilitate transformative learning 
experiences across different contexts [30]. This approach ensures “just-in-time” 
practice and learning in diverse physical environments.

The platform’s design aligns with mobile learning affordances by providing:

•	 Ubiquitous Access: Students can engage with algorithmic challenges regardless of 
their location, promoting continuous interaction with the content.

•	 Iterative Practice: The interface is optimized for mobile interaction, allowing for 
short, focused sessions of problem-solving that fit into the students’ daily routines.

•	 Immediate Automated Feedback: Essential for mobile contexts where a human 
tutor is not present, the system provides real-time validation of code and logic.

The environment is structured into three instructional packages (P1, P2, and P3) 
that guide the learner through increasing levels of complexity in algorithm design. 
This responsive architecture ensures that the CLE is not confined to a desktop 
laboratory but is integrated into the learner’s mobile ecosystem.

3.5	 Use of artificial intelligence tools

Generative artificial intelligence tools were utilized during the preparation of this 
manuscript exclusively for language refinement, grammar correction, and stylistic 
polishing. Tools such as ChatGPT and Gemini were employed to ensure linguistic 
precision and academic clarity. The author explicitly states that these tools were not 
used to draft, compose, or generate the scientific narrative, the interpretation of data, 
or the conclusions of the study. The entire intellectual content and the development 
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of the instructional framework were authored solely by the researcher, who takes 
full responsibility for the originality and accuracy of the work presented.

3.6	 Procedure

The methodology followed a structured sequence consisting of three main phases: 
pretest, intervention, and posttest.

At the beginning of the study, students completed a diagnostic assessment 
designed to establish a baseline of their CT and algorithmic problem-solving skills. 
This pretest consisted of fifteen algorithmic problems distributed across the three 
instructional packages and was administered digitally through the custom web 
application in a supervised laboratory setting.

Following the diagnostic phase, the instructional intervention was conducted 
over one academic semester. Students engaged in CLE activities three times per 
week, with each session lasting approximately ninety minutes, as part of the 
Fundamentals of Programming course. The overall workflow of the intervention 
and student interaction with the platform is illustrated in Figure 1.

Fig. 1. Problem within the implemented EAC
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During the intervention, students worked both individually and collaboratively 
on the three packages of algorithmic challenges, which progressively increased in 
complexity and required the application of multiple CT components. The processes 
of algorithm design, testing, and debugging supported by the platform are shown 
in Figure 2. Instructors acted primarily as facilitators, guiding discussions and 
providing targeted feedback rather than delivering traditional lectures.

Fig. 2. Design, debugging, and evaluation tools

At the conclusion of the intervention period, the same diagnostic instrument used 
in the pretest was administered under identical conditions as a posttest. Traceability 
and performance monitoring resources used to support evaluation are illustrated 
in Figure 3.

Fig. 3. Traceability resources regarding student performance

3.7	 Data analysis

Quantitative data were analyzed using IBM SPSS Statistics v25. Prior to inferen-
tial analysis, descriptive statistics, including means and standard deviations, were 
calculated for all pretest and posttest measures to provide an initial overview of 
student performance.
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To examine the impact of the intervention, paired-sample t-tests were conducted 
to compare pretest and posttest scores across the dimensions of knowing, doing, 
and being, as well as across the three instructional problem packages. The paired 
t-test was selected because the same participants were assessed under two condi-
tions, and the data met the assumptions of paired observations and approximate 
normality.

Effect sizes were calculated using Cohen’s d to assess the magnitude and prac-
tical significance of observed differences. When correlation-based statistics were 
obtained, Pearson’s r values were converted into Cohen’s d using the standard 
transformation:

	 d
r

r

�
�

2

1 2

	

This conversion enabled a consistent interpretation of effect magnitude 
across paired comparisons and facilitated comparison with related studies in 
CT and programming education. The combination of statistical significance test-
ing and effect size estimation provided a more comprehensive interpretation of 
the results.

Qualitative data derived from rubric-based evaluations and student reflections 
were analyzed thematically. This analysis focused on identifying recurring patterns 
related to CT development, learner autonomy, collaborative problem solving, and 
engagement within the mobile-supported learning environment.

3.8	 Hypotheses

H0:	 There is no statistically significant difference in students’ CT and algo-
rithmic problem-solving skills between the pretest and posttest assess-
ments after participating in a mobile-supported CLE grounded in CT and 
problem-based learning.

H1:	 There is a statistically significant difference in students’ CT and algo-
rithmic problem-solving skills between the pretest and posttest assess-
ments after participating in a mobile-supported CLE grounded in CT and 
problem-based learning.

3.9	 Research question

How can a mobile-supported PBL model implemented within a CLE foster 
the development of CT and algorithmic problem-solving skills in first-year 
university students?

4	 RESULTS

This section presents the results obtained from the implementation of the 
mobile-supported CLE grounded in CT and PBL. The findings are reported using 
quantitative and qualitative evidence to describe changes in students’ CT and 
algorithmic problem-solving skills following the instructional intervention.
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4.1	 Quantitative results

The analysis of student performance began with a comparison of descriptive 
statistics to establish the baseline and the magnitude of improvement. Prior to the 
intervention, students exhibited a low proficiency level across all dimensions, with 
mean scores ranging from M = 0.74 to M = 1.50. Following the implementation of 
the mobile-supported CLE, post-test measures showed a substantial increase, with 
averages rising to between M = 3.44 and M = 4.19.

While the paired samples correlation analysis showed generally low and 
non-significant relationships (r between − 0.22 and 0.23; p > 0.05), this lack of cor-
relation reflects the drastic shift in student performance levels rather than a lack 
of consistency. In educational interventions with high impact, it is common for 
the post-test results to decouple from the pre-test baseline as students acquire new 
competencies.

The paired sample t-test results confirmed that these improvements were sta-
tistically significant across all variables, with t values ranging from 8.22 to 22.92 
(p < 0.001). These results strongly support the rejection of the null hypothesis. 
To assess the practical significance of these gains, effect sizes were calculated using 
Cohen’s d. The analysis revealed exceptionally large effects, with d values exceeding 
1.5 in most comparisons. Notably, the most substantial improvement was observed 
in the “Doing” dimension (t = −18.08), where the mean score tripled from 1.16 to 4.10.

The convergence of these significant t-values and massive effect sizes provides 
robust evidence that the instructional intervention effectively fostered CT skills. 
A detailed summary of these statistics is provided in Table 7.

Table 7. Statistical results and effect sizes

Pair Dimension/Variable N Pre-Test  
M (SD)

Post-Test  
M (SD) Sig. (p) t-Value Cohen’s d

1 Doing (Overall) 62 1.16 (0.41) 4.10 (1.18) < .001 -18.08 2.30

2 Knowing (Overall) 62 1.26 (0.51) 3.63 (0.73) < .001 -22.92 2.91

3 Being (Overall) 62 1.00 (1.09) 3.52 (0.94) < .001 -12.92 1.64

4 P1: Doing 62 1.48 (0.82) 3.95 (1.12) < .001 -14.13 1.79

5 P1: Knowing 62 1.45 (0.76) 3.60 (0.78) < .001 -17.68 2.25

6 P1: Being 62 1.45 (1.28) 3.53 (1.28) < .01 -8.22 1.04

7 P2: Doing 62 1.16 (0.49) 3.98 (1.15) < .001 -17.10 2.17

8 P2: Knowing 62 1.50 (0.74) 3.89 (0.77) < .001 -19.85 2.52

9 P2: Being 62 0.90 (1.17) 3.48 (0.99) < .001 -12.35 1.57

10 P3: Doing 62 1.00 (0.00) 4.19 (1.35) < .001 -18.58 2.36

11 P3: Knowing 62 1.00 (0.00) 3.55 (1.00) < .001 -20.01 2.54

12 P3: Being 62 0.74 (1.01) 3.44 (0.95) < .001 -15.17 1.93

4.2	 Performance across learning dimensions

An additional analysis of the results focused on student performance across the 
learning dimensions of knowing, doing, and being, based on the statistical outcomes 
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reported in the previous section. Improvements were observed between pretest and 
posttest measures in all three dimensions.

In the knowing dimension, results indicated gains in students’ conceptual under-
standing of programming fundamentals, including algorithmic structures and con-
trol flow. Higher post-test scores reflected improved ability to identify appropriate 
solution strategies and select relevant programming constructs.

In the doing dimension, students demonstrated enhanced performance in the 
execution of algorithmic solutions, code implementation, and debugging pro-
cesses. Improvements were evident in tasks requiring the translation of problem 
specifications into functional code and the iterative refinement of solutions.

In the being dimension, the results reflected positive changes in students’ meta-
cognitive engagement, including greater persistence, confidence, and self-regulation 
during problem-solving activities. Students exhibited more systematic approaches to 
addressing complex challenges and increased awareness of their learning processes.

4.3	 Qualitative insights

Rubric-based evaluations and student reflections indicated that learners 
strengthened algorithmic thinking, applied abstraction and decomposition strate-
gies, engaged in collaborative learning processes, and developed increased auton-
omy and motivation. These outcomes were observed consistently throughout the 
instructional intervention and reflect changes in both problem-solving behaviors 
and learning engagement.

Systematic observation of student performance further revealed improvements 
in the organization of algorithmic solutions and the use of logical reasoning when 
addressing programming tasks. Over time, students demonstrated more structured 
approaches to problem solving, including clearer decomposition of tasks, more 
deliberate selection of programming constructs, and increased use of iterative 
testing and debugging strategies.

Students also exhibited greater persistence when facing complex challenges and 
relied less on direct instructor intervention, opting instead for peer collaboration 
and independent exploration of alternative solution strategies. These qualitative 
outcomes align with the characteristics of constructivist, mobile-supported learning 
environments reported in related studies [5], [6], [7].

5	 DISCUSSION

The results indicate a substantial improvement in student performance, particu-
larly within the practical dimensions of algorithm design. The statistically significant 
increase in the ‘Doing’ dimension, where mean scores rose approximately threefold, 
reflects an enhanced capacity for procedural application. This improvement suggests 
that the immediate, automated feedback provided by the platform functioned as a 
scaffolding mechanism, allowing students to address syntax and logic errors in real 
time. By reducing the latency between error generation and correction, the system 
supported iterative practice, enabling students to refine their solutions asynchro-
nously rather than relying exclusively on scheduled laboratory interventions [29].

The ubiquity of the mobile interface played a critical role in these findings. Unlike 
desktop-based coding, the mobile app enabled ‘micro-learning’ sessions during frag-
mented time intervals (e.g., commuting). This frequency of interaction facilitated 
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spaced repetition of algorithmic syntax, directly contributing to the high proficiency 
scores observed in the post-test. By lowering the friction of entry into coding tasks, 
the mobile environment transformed passive downtime into active problem-solving 
opportunities.

While recent systematic reviews on educational technology [2], [4] focus primar-
ily on the integration of Artificial Intelligence and Computational Thinking, our find-
ings extend these discussions into the realm of mobile learning. Specifically, Weng 
et al. [2] emphasize the need for automated scaffolding to reduce cognitive load in 
programming education, a requirement we addressed through the mobile app’s 
instant feedback. Similarly, Husin et al. [16] highlight the effectiveness of PBL in 
engineering; our study demonstrates that mobile ubiquity acts as a catalyst for this 
PBL approach, allowing continuous engagement beyond the physical classroom.

The statistically significant improvements observed across the dimensions of 
knowing, doing, and being suggest that the CLE–PBL model supported balanced 
development of conceptual understanding, procedural fluency, and reflective 
engagement. These findings are consistent with prior research highlighting the 
multidimensional nature of CT and the importance of active, student-centered 
pedagogical approaches in programming education [2], [5], [6].

The use of a custom web-based platform accessible through mobile devices 
emerged as a key enabling factor in supporting flexible and self-directed learning. 
As reflected in the results, students engaged with algorithmic challenges both inside 
and outside the classroom, promoting autonomy and sustained practice. These con-
ditions have been widely recognized as critical for the development of CT skills and 
align with existing studies on mobile--supported learning environments [4], [7]. 
Quantitative gains were complemented by qualitative evidence indicating increased 
motivation, collaboration, and engagement, in line with prior findings on the role of 
mobile technologies in accommodating diverse learning styles [6], [13].

An additional contribution of this study lies in the adoption of a competency- 
based evaluation framework structured around knowing, doing, and being. The 
rubric-based assessment approach enabled a more nuanced interpretation of 
learning outcomes by capturing not only technical performance but also students’ 
reflective and metacognitive processes. This aspect is particularly relevant in pro-
gramming education, where traditional assessments often emphasize correctness 
while overlooking higher-order cognitive and reflective dimensions.

Overall, the findings support the potential of interactive and technology-enhanced 
pedagogical models to transform introductory programming education. By aligning 
instructional design with CT frameworks and leveraging mobile technologies, edu-
cators may create more inclusive, scalable, and sustainable learning environments. 
Nevertheless, the results should be interpreted within the scope of the study. Future 
research is required to examine the scalability of the proposed model across larger 
cohorts, different institutional settings, and longitudinal implementations.

6	 CONCLUSION

This study suggests that integrating programmed instruction within a mobile- 
supported CLE grounded in PBL can effectively support the development of CT and 
algorithmic problem-solving skills in higher education contexts. The results indicate 
improvements across conceptual, procedural, and reflective dimensions of learning, 
as evidenced by both quantitative and qualitative findings.
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The proposed CLE–PBL model combines pedagogical and technological elements 
to support flexible and self-directed learning. The use of a custom web-based plat-
form accessible through mobile devices enabled students to engage with algorithmic 
challenges in varied contexts, while the competency-based evaluation framework 
facilitated the assessment of conceptual understanding, algorithm design, and 
reflective problem solving. Together, these components contribute to a scalable and 
adaptable instructional model for programming education.

By aligning instructional design with CT frameworks and leveraging mobile tech-
nologies, the model supports the integration of theoretical knowledge with practical 
application. These findings align with current trends in educational technology and 
highlight the potential of interactive, learner-centered environments in introductory 
programming courses.

Future research should further examine the long-term impact of this approach on 
student learning outcomes, its applicability across different institutional settings and 
STEM disciplines, and its potential to support the development of lifelong learning 
skills in digitally mediated educational contexts.

6.1	 Future work

Future research on using mobile-supported CLEs to develop CT should focus on 
several key areas. First, it is crucial to examine the long-term impact, evaluating how 
students retain, transfer, and apply these skills in real-world, interdisciplinary, and 
professional contexts.

Additionally, comparative studies are needed to analyze the CLE-PBL model 
across different disciplines and educational levels to determine its scalability and 
applicability. To improve instruction, adaptive technologies such as artificial intelli-
gence and learning analytics should be incorporated. This would allow for the per-
sonalization of algorithmic instruction based on each learner’s characteristics and 
needs, helping to create more intelligent and effective learning ecosystems.
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