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Abstract

This study evaluates the cognitive apprenticeship model in introductory computer
science courses across different class sizes to determine its impact on student outcomes and
instructional practices. The research methodology involved a comparative analysis of midterm
and final examination results, as well as programming assignment performance, in both small-
and large-class settings. Key findings indicate that smaller classes foster more in-depth
learning and more effective application of programming skills, thereby contributing
significantly to long-term skill development and opportunities for deep learning. In contrast,
no statistically significant differences were noted in the exam scores between small and large
classes, suggesting limited impact on short-term assessment outcomes. Additionally,
qualitative feedback revealed that students in smaller classes appreciated the personalized
attention and systematic learning environment provided by the cognitive apprenticeship
system. Conversely, students in larger classes experienced distractions and were critical of the
flipped classroom and the associated grading systems. These insights emphasize the
importance of class size in shaping educational strategies and student engagement in
programming courses.
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1. Introduction

In traditional apprenticeship models, instructional methods and content largely
depend on the mentor’s personal experience and preferences, potentially leading to a lack
of systematic and structured knowledge transfer (Collins & Kapur, 2014). To address the
shortcomings of traditional apprenticeships, the cognitive apprenticeship framework
emphasizes active knowledge construction rather than passive knowledge reception,
positing that cognitive processes play a more critical role in learning than the mere
acquisition of practical skills.This learner-centered approach encourages and guides
learners to think actively (Junus et al., 2019), enhancing their interest and motivation in
learning, which positively impacts their performance (Raju et al., 2021). Within
programming education, prior studies have demonstrated the effectiveness of applying
cognitive apprenticeship principles by employing systems that function as cognitive
mentors to guide and monitor learners’ progress while teachers supplement knowledge
and oversee progress (Lai et al., 2023).

Research in educational methodologies has increasingly recognized the limitations
of traditional apprenticeship models, particularly in the context of technical disciplines
that require not only theoretical knowledge but also the cultivation of practical skills.
Traditional models often rely heavily on passive observation, which may not sufficiently
engage students in the active learning processes necessary for complex skill acquisition.
In contrast, cognitive apprenticeship is designed to strengthen students’ active learning by
integrating explicit teaching of thinking processes into the learning of skills. This
approach makes the expert’s tacit knowledge visible to students, thereby facilitating a
deeper understanding and mastery of skills through guided practice and reflection(Butler
et al., 2019; Cakmakci et al., 2025; Collins et al., 1991). Furthermore, a review of prior
studies on cognitive apprenticeship reveals its positive impact on student performance
(Tsukube & Matsuo, 2020) and shows that, when combined with other learning
strategies, it can significantly enhance problem-solving abilities (Kuo et al., 2012). For
instance, a study involving English as a Foreign Language (EFL) learners divided 60
participants into an experimental group and a control group. The experimental group

received instruction based on the principles of cognitive apprenticeship, and the results
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demonstrated that this group significantly outperformed the control group in oral
proficiency. This finding suggests that cognitive apprenticeship is effective in enhancing
language proficiency, even in relatively large participant groups (Ostovar-Namaghi et al.,
2024). Similarly, another study focused on students with learning disabilities and English
learners, albeit with a small sample size of only six participants. Despite the limited
number of students, cognitive apprenticeship significantly improved their scientific
explanation writing skills, indicating that the approach can yield positive educational
outcomes even in small-scale implementations (Lee & Paz, 2021). In the domain of
mathematics education, a study examining middle school students’ problem-solving
abilities divided 64 participants into an experimental group and a control group. The
experimental group received cognitive apprenticeship instruction through multimedia
teaching methods. The results revealed significant improvements in the problem-solving
skills of the experimental group, highlighting the effectiveness of cognitive
apprenticeship in medium-sized participant groups (Chethana & Menezes, 2017).

However, there is a notable lack of research exploring whether the number of
participants influences the educational effects of cognitive apprenticeship (CA) and,
consequently, student performance. Most previous studies have employed a fixed number
of participants within a single experimental setup, without examining potential variations
in outcomes across groups of differing sizes (Au et al., 2023; Doabler et al., 2018). Yet,
class size is a critical factor that may significantly affect the effectiveness of CA. Core
components of CA—such as coaching and scaffolding—require intensive teacher-student
interaction to facilitate meaningful learning. Smaller class sizes enable more personalized
attention and allow instructors to provide timely and tailored feedback that better
addresses individual student needs, thereby enhancing both motivation and engagement.
According to existing literature, small-class instruction not only improves learning
outcomes but also enhances students’ overall learning experiences (Richards et al.,
2021). Thus, the moderating role of class size must not be overlooked when implement-
ing CA—particularly in cognitively demanding disciplines such as programming,
where interactive instructional support is essential.

Programming, being a technically oriented discipline, emphasizes the cultivation of

practical skills. Students need not only to master theoretical knowledge but also to hone
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skills through practical application, necessitating close guidance and feedback from
teachers, especially when encountering errors and challenges. The personalized needs of
programming students are pronounced, as students exhibit different learning styles,
requiring teachers to adapt their guidance to each individual learner characteristics. In
cognitive apprenticeship applications, a key aspect is that learners can observe the
teacher’s thought patterns through demonstrations, guidance, and scaffolding, allowing
them to visualize, reflect on, and practice these processes (Brown et al., 1989). Moreover,
programming often involves complex problem-solving that benefits immensely from the
cognitive apprenticeship approach, where learners can observe the nuanced cognitive
processes of more experienced programmers through guided demonstrations, scaffolding,
and real-time feedback. This model facilitates a deeper understanding of not only “how”
to perform specific tasks but also “why” certain solutions are effective, fostering a higher
level of cognitive engagement and mastery of the material. Therefore, in larger student
groups, teacher-student interactions may be challenged, potentially hindering
personalized instruction and individual learning progress, especially in programming
courses (Lai, 2023).

Although cognitive apprenticeship (CA) has been applied in programming
education, research examining its effectiveness across different class sizes remains
limited. The existing literature indicates that class size can significantly influence the
efficacy of instructional strategies. For instance, Garcia (2023) notes that in larger
classes, opportunities for personalized interaction between students and instructors are
diminished, potentially impeding the individualized guidance crucial for effective
programming instruction. Moreover, Wang et al. (2024) demonstrated that variations in
class size significantly impact both cognitive and non-cognitive outcomes, further
underscoring the importance of investigating CA across diverse classroom settings. In
response to these gaps, the present study implements a CA-based instructional system in
programming courses offered to both small and large class cohorts, aiming to evaluate its
applicability and effectiveness under varying class-size conditions. This study addresses
three research questions:

® RQ1 asks whether class size is associated with differences in implementation-

oriented learning performance accrued across CAL assignments when instruction,

content, assessments, and the CAL environment are held constant.



66 FEWHFEEERNT B+ a8 )

® RQ2 asks whether class size is associated with differences in performance on
time-limited examinations, including the midterm and final, which are expected to
be less sensitive to interactional density than iterative assignments.
® RQ3 asks how students describe the mechanisms that facilitate or hinder CA
enactment under different class sizes, and whether observed process indicators
such as help-seeking and monitoring intensity correspond with those accounts.
These questions link outcomes with process-level evidence to test a mechanism-
based explanation of how class size conditions the activation of CA in a CAL-supported

programming course.

I1. Literature Review

A. Cognitive Apprenticeship in Skill Acquisition

CA is a pedagogical approach derived from constructivism that seeks to make the
expert’s thinking visible to learners. Unlike traditional apprenticeship, which focuses on
physical skills, CA emphasizes the internalization of cognitive processes and the
procedural “how-to” knowledge required for complex problem-solving
(Lakshminarayanan & Rao, 2021). The framework consists of six core teaching
strategies: modeling, coaching, scaffolding, articulation, reflection, and exploration.

Recent studies have validated the effectiveness of CA across various disciplines. For
instance, in language learning, Ostovar-Namaghi et al. (2024) found that CA significantly
enhanced oral proficiency in larger instructional groups, while Lee and Paz (2021)
demonstrated its efficacy in improving scientific writing among students with learning
disabilities. In STEM education, CA has been shown to improve problem-solving
abilities by making tacit knowledge explicit, allowing students to actively construct

knowledge rather than passively receive it.

B. Computer Assisted Learning (CAL) in Programming

This study developed a programmed learning system named “CAL” (Computer

Assisted Learning), which incorporates the six core teaching strategies of cognitive
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apprenticeship—modeling, coaching, scaffolding, articulation, reflection, and
exploration—into the students’ learning experiences, currently facilitated through self-
study (Fennell et al., 2019). One of the distinctive features of cognitive apprenticeship is
the explicit exposure of the cognitive processes, enabling learners to perceive otherwise
abstract knowledge and fostering their self-monitoring and self-correction skills (Fennell
et al., 2019). In the “CAL” system, instructors methodically explain each concept, and
students immediately engage in coding practice after learning each new concept. This
sequential learning approach ensures that students acquire a foundational understanding
of relevant concepts before tackling programming challenges. Furthermore, as
programming complexity increases, students may face numerous challenges in
constructing new knowledge (i.e., writing programs) (Wang, 2019), particularly when
their grasp of certain concepts is still emerging. Thus, instructors consolidate these
foundational concepts in subsequent classes, deepening students’ understanding of
weekly topics and course concepts through cognitive activities such as application,

analysis, evaluation, and creation, thereby reinforcing their acquired knowledge.

C. The Relationship between CA and CAL

Figure 1 illustrates the six instructional steps of cognitive apprenticeship, a
pedagogical approach aimed at enhancing students’ cognitive development and skill
acquisition by emulating the traditional master-apprentice learning model. This strategy
emphasizes learning as a socially mediated process, where students not only receive
knowledge transmission but also deepen their understanding and application through

practice, exploration, and reflection. Figure 2 presents the CAL system utilized in this study.

Figure 1
The Six Instructional Steps of Cognitive Apprenticeship
Cognitive
Apprenticeship

1
[ | | | | 1

Demonstration Scaffolding Articulation Coaching Reflection Exploration
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Figure 2
System Main Screen
[EEE]===1

You e Co implemel trees (BST) using linked lists. ~
Answer Pa ge Count the number of nodes in a list
o o it e ue e svsrowany forms : Find a node in the given list
. Update a node in the given list
Tltle Page evsrcnoen oo R o @ ae 90 ce Insert a node in the given list
cupy s+ cest vhether the BST is empty (and print the test result) Delete a node from the given list
'add' <int> // add an element (an integer) onto the BST Insert-Update-Delete Z SE AR RREA(...
‘ontree' <int> // test whether the given integer is on the tree (and print) I'RecursionfF 253l | BALGRTAIEE
‘inorder' // inorder traverse the tree and print the content of the tree B = EES
' V2 the tree and print the content of the tree
17 the tree and print the content of the tree
‘height! // print the current height of the tree

tquit! // stop program execution

A BST is a (pointer to the root of a) binary tree in which every node stores some
information (an integer in our case).

Initially, the BST is empty (i.e., the BST is a pointer pointing to NULL).

The 'ADD' algorithm works as follows :

ADD( BST, A ) // Add 'A' onto the tree (with root being pointed at by) 'BST'

if BST is empty (i.e., BST points to "empty”)
then let BST point to a new node containing A

// else BST is not empty ; i.e., BST points to a node (root of a binary search tree)

SETFER

TR

1. Demonstration Phase

During this phase, the mentor’s demonstration reveals not only the practical steps
but also the reasoning behind these actions, helping apprentices understand the purpose
and significance of each step. According to this instructional principle, the system divides
the main screen into two parts: a problem and demonstration area and a list of problems
(Figure 2), simulating the mentor’s demonstration process conducted in the presence of
the apprentice. The left side displays fundamental concepts and syntax of programming,
paralleling a mentor’s verbal demonstration, allowing students to understand program

structures and operational principles.

2. Scaffolding and Articulation Phase

In cognitive apprenticeship, the scaffolding phase involves the mentor providing
temporary support to help students overcome difficulties encountered during task
completion. As students’ capabilities improve, this support is gradually removed,
enabling them to complete tasks independently. The articulation phase requires students

to explain and reflect on their learning process, including how they approached problems
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and their insights, which helps deepen their understanding of the content and fosters
critical thinking. In the present system, these two phases are integrated to support
students in gradually building their programming knowledge and skills. When students
are ready to start coding, they can select the Answer Page next to the Title Page,
transitioning to the coding environment. Here, the CAL system provides the necessary
learning frameworks, beginning with small tasks like completing a function. As shown in
Figure 3, students are required to complete the Find function. As students advance, the
system progressively guides them toward independently solving more complex
programming problems. Furthermore, our system encourages students to write comments
during their coding, which serve both as an articulation practice and as a means of
explicating their thought processes and logic. This approach allows students to deepen
their understanding of the content and develop the ability to clearly express their

reasoning through code and comments under the guidance of a mentor.

Figure 3
Scaffolding and Articulation Phase

FEE (FEH

63 learnerFind = Find( accounts, id ) ;
64 calFind = CalFind( accounts, id ) ;
65

66 if ( calFind == learnerFind )

67 if ( learnerFind '= NULL )

68 printf( "%s", learnerFind->name ) ;
69 else printf( "No such person!” ) ;

70

71 else printf( "Find() works incorrectly'” ) ;

72

73 return 0 ;

74

75 } // main()

76

77

78 AccountPtr Find( AccountPtr head, int id ) {

79 // Try to find 'id' in the list that is pointed at by 'head' ;
80 // If there is a node in the list with its 'id' being the same
81 // as the given 'id',

82 // then return a pointer to that node

83 // else return NULL ;

84 // Note : if there are more than one node in the list with

85 // their 'id' being the same as the given 'id',

86 // then Find() returns a pointer to THE FIRST NODE

i *Bfotke-ofstirderit-written programs
89

90

91

92

93 } // Find()

94 v
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3. Coaching and Reflection Phase

Our system offers instant feedback during the coaching phase; when students start
writing code, the system automatically checks the code style and compilation, providing
corresponding suggestions and corrections. As shown in Figure 4, the system displays the
results of executing the program, students can see the difference between their own
program and the standard answer. This is comparable to the immediate guidance and
feedback a mentor would provide during practice, helping students promptly identify and
correct errors and understand how to optimize their code. The reflection phase allows
students to compare their code execution results with the teacher’s standard answers after
submission, thereby promoting self-reflection on their problem-solving methods and the

identification of areas for improvement.

Figure 4
Coaching and Reflection Phase

EEE FER

63 learnerFind = Find( accounts, id ) ;

64 calFind = CalFind( accounts, id ) ;

65

66 1if ( calFind == learnerFind )

67 if ( learnerFind '= NULL )

68 printf( "%s", learnerFind->name ) ;

69 else printf( "No such person!” ) ;

70

71 else printf( "Find() works incorrectly!” ) ;

72

73 return 0 ;

74

75 } // main()

76

77

78 AccountPtr Find( AccountPtr head, int id ) {

79 // Try to find 'id' in the list that is pointed at by 'head' ;
g0 // If there is a node in the list with its 'id' being the same
81 // as the given 'id',

82 // then return a pointer to that node
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4. Exploration Phase

The exploration phase of cognitive apprenticeship refers to apprentices
independently seeking new problems and higher-level tasks with mentor guidance and
attempting to solve them. This phase focuses on allowing learners to apply their acquired
knowledge and skills in practical scenarios, thereby deepening their understanding and
capacity for application. Our system supports this exploration phase by providing a
structured list of problems, sequenced from simpler to more complex. After completing
basic problems, students can choose to tackle advanced problems based on their progress
and interests, encouraging them to actively explore and solve more complex challenges

using their programming knowledge and skills.

D. Conceptual Framework

Based on the literature, this study proposes a conceptual framework where Class Size acts
as a critical moderator between the CA-based CAL Intervention and Student Outcomes.

e Input: The CAL system implements CA strategies (Modeling, Coaching,

Scaffolding, Articulation, Reflection, Exploration).

e Moderator: Class Size (Small vs. Large) influences the interaction density,
specifically affecting the human-dependent aspects of CA (Coaching intensity,
personalized Scaffolding, and Articulation opportunities).

e Process: Students engage in iterative programming practice, help-seeking, and
self-reflection.

e Outcomes: These are measured via Implementation Performance (CAL
assignments) and Examination Performance (Midterm/Final).

We hypothesize that while CAL standardizes the “Modeling” phase, the “Coaching”
and “Scaffolding” phases are sensitive to class size, as larger classes may dilute the
teacher’s ability to supplement system feedback. Students in small class settings will
exhibit significantly higher learning outcomes than those in large class settings, due to
increased opportunities for individualized guidance and interaction. Addtionally, class
size will moderate the effectiveness of cognitive apprenticeship, such that smaller class
sizes will reduce students’ cognitive load and enhance their ability to benefit from the CA

instructional framework.
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II1. Methodology

A. Research Design

This study employs a quasi-experimental design using mixed methods to evaluate
the applicability and effectiveness of a CAL-based cognitive apprenticeship system. A
non-equivalent control group design was utilized because the groups were formed based
on pre-existing academic classes rather than random assignment. The study integrates
quantitative analyses of learning outcomes with qualitative content analysis of student

feedback to provide a mechanism-based explanation of the results.

B. Participants

The participants consisted of two intact cohorts of first-year college students
enrolled in the College of Electrical and Information Engineering.
e Large Class Group: 71 students from the Undergraduate Program in Intelligent
Computing and Big Data.
e Small Class Group: 17 students from the Undergraduate Program in Electrical
Engineering & Computer Science.
Both cohorts were taught by the same instructor, followed an identical syllabus for
the Introduction to Computing course (C language), and used the same CAL system. A
pre-test conducted in the first week confirmed no statistically significant differences in

prior programming knowledge between the two groups (p > 0.05).

C. Data Collection and Procedure

The experimental procedure spanned 16 weeks (from Week 2 to Week 17), as
illustrated in the experimental process (see Figure 5). Students used the CAL system for
pre-class preparation and weekly programming assignments. The system guided them
through CA phases, while in-class sessions focused on the application of concepts to real-

life problems and live coding activities.
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Figure 5

The Experimental Process

Week 2 W_eek 17
Experiment Start ) Week 9 Experiment End Week 18
i Mid-term Exam CAL End Final Exam
CAL Begin L g
Questionnaire
Assessments:

® Programming Assignments: Collected weekly from Week 2 to Week 17 via the
CAL system to measure practical implementation skills.

e Midterm Exam: Administered in Week 9, consisting of written conceptual
questions (28%) and practical programming tasks (72%).

e Final Exam: Administered in Week 18, consisting of a comprehensive computer-
based test (100%).

e Questionnaire: A standardized teaching evaluation survey along with open-ended

feedback was collected in Week 17 to assess student perceptions.

D. Data Analysis

Both quantitative and qualitative techniques were employed:

e Quantitative Analysis: A one-way analysis of variance (ANOVA) was conducted
to compare the effects of class size on programming assignments, midterm exams,
and final exams. Effect sizes were calculated to determine the magnitude of
observed differences.

e Qualitative Analysis: Open-ended student responses were analyzed using
conventional content analysis (Hsieh & Shannon, 2005). Two researchers
independently coded the data to identify themes related to learning barriers,

support mechanisms, and system usability, followed by consensus discussions to
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refine categories. For detailed theme definitions, coding categories, and

representative excerpts, please refer to Table 1, which supplements the summary

in Table 6.

Table 1

Summary of Themes, Definitions, and Representative Quotes

Theme

Definition Sample Codes

Representative Quote

Theme 1:
Barriers to CAL
Engagement in
Large-Class

Students in large classes
encountered difficulties in questions”, “homework
is overwhelming”,

“confused after CAL”

maintaining focus and actively
engaging with CAL due to noise,

“too noisy”, “hard to ask “The class is really

noisy, and I can’t
concentrate at all.” /
“After doing the CAL

Contexts limited access to teacher tasks I still didn’t
feedback, and low motivation. understand—I felt like
collapsing.”
Theme 2: Students in small classes reported “systematic learning”,  “I hope I can study in a

Personalized Support
Facilitates CAL

stronger teacher support, clearer ~ “teacher explains well”,

concept integration, and more “motivated to finish

more systematic way.” /
“The teacher is

Engagement in structured learning experiences, homework” conscientious and

Small Classes which enhanced their CAL responsible.”
engagement.

Theme 3: Students’ perceptions of CAL “CAL is difficult”, “Why is CAL so

Student Perceptions  system usability and feedback “need model answers”,  difficult?” / “I hope

of CAL Usability design influenced their ability to  “improved skills”, there will be standard

and Learning Impact

engage in independent problem-  “interface confusing”
solving and error reflection—
both essential elements of the CA

model.

answers after doing the
homework.”

I'V. Results

To examine the impact of class size on student learning outcomes, this study

conducted a one-way analysis of variance (ANOVA) on three performance indicators:

midterm exam scores, final exam scores, and CAL programming assignment scores. The

results are presented in Table 2 through Table 4, and effect sizes (n?) were calculated to

evaluate the magnitude of the effects.
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A. Insights from Learning Assessments and Instructional Strategies

1. Interpretation of Assessment Differences

Class size had the greatest impact on programming implementation performance, a
marginal effect on midterm exam outcomes (which focus on conceptual understanding),
and no observable effect on final exam results (which focus on integration skills). These
findings suggest that different types of assessment tools, when shaped by class interaction

dynamics and instructional strategies, yield differentiated patterns of learning outcomes.

Table 2
ANOVA Analysis Results of CAL Scores
SS df MS F p
Between groups 1484.354 1 1484.354 4.186 0.044
Within Group 30494.96 86 354.593
Sum 31979.31 87
Table 3
ANOVA Analysis Results of Mid-Term Exam
ss df MS F )
Between groups 1016.736 1 1016.736 3.323 0.072
Within Group 26314.355 86 305.981
Sum 27331.091 87
Table 4
ANOVA Analysis Results of the Final Exam
ss df MS F p
Between groups 38.207 1 38.207 0.044 0.835
Within Group 75041.972 86 872.581

Sum 75080.179 87
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2. Characteristics and Functions of CAL vs. Exams

This may be because the nature of programming assignments differs from that of
midterm and final exams. Programming assignments require students to continuously
apply the knowledge and skills they have learned throughout the semester to solve
practical problems, emphasizing the internalization and long-term accumulation of
knowledge and skills. This ongoing application not only tests students’ understanding of
the course content but also assesses their ability to translate theoretical knowledge into
practical coding tasks. In contrast, midterm and final exams are one-time assessments that
are more likely to evaluate students’ short-term memory and ability to solve problems
under time constraints (de Bruin, 2019). Overall, programming assignment results more
accurately reflect the effects of students’ continuous learning and progressive skill
accumulation throughout the semester (Table 5), while exams primarily assess the ability

to recall and apply knowledge in the short term.

Table 5
Impact of Class Size on Programming Assignments
CAL Small class Large Classes
Average score 89.18 78.77
Pass rates 94.12% 87.32%

3. Feedback and Instructional Response Differences

In smaller class settings, the limited number of students allows for more
personalized guidance from teachers. This targeted instruction substaintially enhances
students’ comprehension of the course content and their ability to effectively apply this
knowledge in programming tasks. Consequently, students in smaller classes often exhibit
deeper conceptual understanding and more robust skill application, as evidenced by their
performance on programming assignments (de Bruin, 2019). Conversely, in larger

classes, the higher student-to-teacher ratio may restrict the amount of individual attention
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each student receives, potentially leading to less personalized guidance and weaker
performance on programming assignments. Despite this, students in larger classes may
still achieve exam scores comparable to those in smaller classes. This phenomenon can
be attributed to students’ reliance on short-term learning strategies focused on exam
preparation, which do not necessarily contribute to long-term knowledge retention or
deep understanding (Lai et al., 2021). Therefore, while students in both settings may
perform similarly on exams, the depth of learning and skill application is likely more

substantial in smaller classes.

4. Implications for Instructional Strategy in Large vs. Small Classes

Classroom interactions also play a pivotal role in explaining the differences in
outcomes. In the larger class, the random selection process for questioning students
during class resulted in fewer opportunities for individual students to actively participate.
Many students were not called upon at all during the semester, which led to reduced
engagement and a lower sense of accountability. In contrast, in the smaller class, each
student was asked questions three to four times on average, significantly increasing
engagement and the opportunity for personalized feedback. Moreover, students in the
smaller class felt more comfortable initiating questions, while students in the larger class
were often hesitant due to the more intimidating classroom environment and experienced
difficulty articulating their questions effectively. Although peer discussions were
encouraged in both classes, lower confidence and reduced willingness to participate

among students in the larger class limited the effectiveness of this instructional approach.

B. Qualitative Analysis

The qualitative findings were generated based on the inductive analysis procedure
described in Section 3.4. Table 6 summarizes the thematic structure derived from student

responses, including theme labels, definitions, and representative quotes.
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Table 6
Results of Students’ Qualitative Feedback

Theme 1: Barriers to CAL Engagement in Large-Class Contexts

n (No. of Students) 37 (from large class)

“The class is often very noisy, making it hard to focus on learning. When I try to
preview the CAL exercises before class, I often get confused with the loop or condition
structure, and there’s no quiet space to ask for clarification, so I quickly fall behind.”
(Student A in a large class)
Representative “Sometimes CAL only tells me ‘wrong answer’ without showing which part of my
Quotes code logic failed. Since there are too many students, I couldn’t get timely help from
the teacher to understand how to fix my mistakes.” (Student B in a large class)
“I stopped doing the CAL exercises after a few weeks because no one followed up on
our progress. Without regular checks or reminders, I felt no pressure or motivation to
continue.” (Student C in a large class)

Theme 2: Personalized Support Facilitates CAL Engagement in Small Classes

n (No. of Students) 15 (from small class)

“When I submitted wrong answers in CAL, the teacher went over them with me in
class. It helped me understand where I went wrong.” (Student D in the small class)

. “Because there are fewer students, I feel more accountable for completing the CAL
Representative .
Quot tasks before class. The teacher checks our progress weekly and asks about specific

uotes
exercises, so [ stay on track.” (Student E in a small class)
“As the course progressed, I understood how to use CAL to trace code logic, and the

error messages helped me correct mistakes more easily.” (Student F in a small class)

Theme 3: Student Perceptions of CAL Usability and Learning Impact

n (No. of Students) 52

“Doing exercises repeatedly in the CAL system helped me become more confident in

writing logic structures. I now make fewer syntax errors and can debug my code more
Representative effectively.” (Student G from the small class)
Quotes “The CAL interface is sometimes hard to navigate. I wasn’t sure where to write my
code or how to read the error messages. Without in-class guidance, I often didn’t know
how to continue.” (Student H in large class)

Note: Some students’ feedback contributed to more than one theme. The frequency count (n) reflects the number of
students whose comments were categorized under each theme, based on primary concern or emphasis.

1. Theme 1: Barriers to CAL Engagement in Large-Class Contexts
This theme addresses structural and contextual challenges that emerged in large-
class teaching environments. These include issues external to the CAL system itself, such

as difficulties in receiving timely instructor feedback, distractions caused by classroom
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noise, and reduced accountability resulting from limited monitoring, rather than problems
inherent to the CAL platform.

Students described multiple challenges that impeded their engagement with the
CAL-based learning process, including classroom noise, difficulty maintaining
concentration, and limited access to direct instructor feedback. These barriers are closely
tied to the coaching and scaffolding components of the CA model, which rely heavily on
real-time guidance, tailored support, and frequent learner-instructor interactions. In an
overcrowded environment, the instructor’s ability to identify individual learning gaps,
offer timely hints, or appropriately adjust the level of difficulty is substantially
constrained.

Moreover, limited interaction opportunities diminish students’ engagement in
articulation and reflection, two key mechanisms through which learners are encouraged
to externalize their thinking and critically examine their problem-solving approaches.
Without personalized prompts or follow-up questions from instructors or peers, students
in large classes may complete exercises in a mechanical manner, missing the opportunity
to internalize deeper conceptual understanding through guided reflection.

Therefore, this theme reveals how environmental and structural factors specific to
large-class settings can disrupt the effective implementation of multiple cognitive

apprenticeship components, thereby diminishing the pedagogical impact of the CAL system.

“The class is often very noisy, making it hard to focus on learning. When I try to
preview the CAL exercises before class, I often get confused about the loop or
condition structure, and there’s no quiet space to ask for clarification, so I quickly
fall behind.” (Student A, large class)

“Sometimes CAL only tells me ‘wrong answer’ without showing which part of my
code logic failed. Since there are too many students, I could not receive timely help
from the teacher to understand how to fix my mistakes.” (Student B, large class)

“I stopped doing the CAL exercises after a few weeks because no one followed up
on our progress. Without regular checks or reminders, I felt no pressure or

motivation to continue.” (Student C, large class)
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Among the 71 students in the large-class group, 37 (approximately 52%) expressed
concerns about distractions, insufficient teacher guidance, or lack of accountability in
completing CAL tasks. This points to the need for supplemental strategies, such as peer

facilitation or automated diagnostics to support CAL engagement in large-class settings.

2. Theme 2: Personalized Support Facilitates CAL Engagement in Small Classes

In small-class settings, students reported higher levels of engagement with the CAL
system, supported by greater instructor attentiveness and more frequent opportunities for
individualized guidance. The availability of systematic feedback, emotional
encouragement, and conceptual clarification aligns closely with cognitive apprenticeship
strategies of modeling, coaching, and scaffolding. Thereby fostering deeper learning and

more sustained engagement with CAL.

“When I submitted wrong answers in CAL, the teacher went over them with me in class.
It helped me understand where my reasoning went wrong.” (Student D, small class)
“Because there are fewer students, I feel more accountable for completing the CAL
tasks before class. The teacher checks our progress weekly and asks about specific
exercises, so I stay on track.” (Student E, small class)

“As the course progressed, I learned how to use CAL to trace code logic, and the error

messages helped me identify and correct mistakes more easily.” (Student F, small class)

These reflections emphasize that the effectiveness of CAL is not just dependent on
the system itself but also on the quality of human mediation. Of the 17 students in the
small-class group, 13 (approximately 76%) commented positively on the instructor’s
personalized feedback, regular monitoring of CAL progress, and the increased sense of
responsibility associated with smaller class sizes. This strong majority highlights the

supportive instructional environment enabled by small-class contexts.

3. Theme 3. Student Perceptions of CAL Usability and Learning Impact

In contrast to Theme 1, which focuses on structural classroom barriers, this theme
highlights system-level limitations within the CAL platform itself. These include user
interface challenges, unclear system-generated feedback, and the difficulties students

encountered when navigating the platform’s features—regardless of class size.
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Many students appreciated the opportunity to engage in repeated practice, receive
immediate system-generated feedback, and work through progressively more challenging
programming tasks. These features align with the modeling, exploration, and scaffolding
elements of cognitive apprenticeship. For example, by analyzing example code and
engaging in exploratory coding tasks, students are exposed to expert-like thinking
processes, which fosters independent problem-solving.

On the other hand, several students noted difficulties in navigating the CAL
interface or interpreting system feedback, which compromised their ability to benefit
from coaching and reflection. When learners encounter unclear system prompts or lack
real-time clarification, they are less likely to pause, articulate their misunderstandings, or
revise their logic, key steps in the cognitive apprenticeship process. Additionally, without
consistent human oversight, the coaching that typically helps students link procedural
steps to conceptual reasoning becomes fragmented.

Thus, while the CAL system embodies several CA principles, its effectiveness is
mediated by interface design, feedback quality, and supplementary instructional support.
This theme emphasizes that technological tools alone cannot fully replicate the nuanced

interpersonal dynamics that make cognitive apprenticeship successful.

“Doing exercises repeatedly in the CAL system helped me become more confident
in writing logic structures. I now make fewer syntax errors and can debug my code
more effectively.” (Student G, small class)

“The CAL interface is sometimes hard to navigate. [ wasn’t sure where to write my
code or how to read the error messages. Without in-class guidance, I often didn’t

know how to continue.” (Student H, large class)

Multiple students from both large and small classes expressed confusion when
navigating the CAL system, particularly regarding its interface and usability. For
example, several noted that “the system interface was hard to operate,” or that “feedback
from CAL was difficult to understand without guidance.”

Across both class sizes, 21 students (17 from the large class, 4 from the small class)
mentioned issues related to the CAL system’s interface design, feedback clarity, or

navigation. This cross-group pattern suggests that these concerns are rooted in the CAL
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system’s design rather than instructional context alone. Conversely, 18 students (12 from
the small class, 6 from the large class) described how the CAL system improved their
programming understanding through guided tasks and timely feedback. This divergence
was further evidenced by process indicators regarding help-seeking behaviors. The use of
the online Q&A/LINE channel was widely adopted in the small class but remained
limited in the large class. This disparity highlights that smaller cohorts facilitate more
robust coaching and accountability mechanisms, whereas structural constraints in larger

classes may inhibit active engagement

V. Discussion and Conclusion

The findings of this study indicate that the integration of a Cognitive Apprenticeship
model within a CAL system is generally effective for introductory programming
instruction, but its impact is significantly moderated by class size. The discussion is

structured around three key findings:

A. Short-Term Performance is Stable Across Class Sizes

The non-significant difference in midterm and final exam scores between the large
and small classes suggests that the automated components of the CAL system
successfully delivered the core CA strategies (Modeling and Scaffolding) necessary for
short-term knowledge acquisition and assessment preparation (Garcia, 2023;
Konstantopoulos & Shen, 2023). The system effectively standardized the foundational
learning experience, thereby mitigating the expected disadvantage for the larger class in

traditional lecture settings.

B. Deep Learning and Long-Term Skill Acquisition Thrive in Small
Classes

A significant finding was the superior performance of the small class group in the
weekly programming assignments. This indicates that the small-class environment better
supported the more interaction-heavy CA strategies: Coaching, Articulation, and

Reflection. The higher interaction density allowed the instructor to provide timely and
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personalized feedback (Coaching) and created a safer learning space for students to
engage in public articulation and reflection, which are critical for developing deep

problem-solving skills and long-term retention (Barab & Duffy, 2012; Loughran, 2002).

C. Class Size Moderates the Effectiveness of Pedagogical Interventions

The qualitative data indicated that students in the small class valued the personalized
attention and instructional accountability, while those in the large class expressed feelings
of distraction and disconnection from the instructor. This disparity confirms the
conceptual framework: while the CAL system standardizes the content delivery, class size
determines the efficacy of the crucial human-mediated cognitive support (Fennell et al.,
2019; Wang, 2019). The structural constraints of large classes dilute the essential human

element of the apprenticeship model.

D. Conclusion

In conclusion, a CAL-based CA system is an effective instructional foundation for
programming education across different class sizes, ensuring baseline learning outcomes.
However, optimizing for deep learning and the robust application of programming skills
requires instructional environments—such as small classes—that naturally support the
human-intensive aspects of cognitive apprenticeship. Educational institutions must
consider class size not just as an administrative variable but as a critical factor

moderating pedagogical effectiveness.

E. Limitations and Future Work

This study utilized a quasi-experimental design with non-randomized groups, which
limits the generalizability of the findings. Future research shouldadopt randomized
controlled trial designs. Furthermore, developing computational supports within the CAL
system that can better simulate personalized coaching and facilitate articulation for large

cohorts remains a critical direction for future investigation..
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