International Journal of Evaluation and Research in Education (IJERE)
Vol. 15, No. 3, June 2026, pp. 2478~2486
ISSN: 2252-8822, DOI: 10.11591/ijere.v15i3.38919 O 2478

Instructional scaffolding in dialogue-based programming

tutoring

Julieto Perez!, January Naga', Salma Naga-Marohombsar?
!College of Computer Studies, Mindanao State University-Iligan Institute of Technology, Iligan City, Philippines
2College of Natural Science and Mathematics, Mindanao State University-Main Campus, Marawi City, Philippines

Article Info

ABSTRACT

Article history:

Received Jan 31, 2026
Revised Apr 24, 2026
Accepted May 14, 2026

Keywords:

Artificial intelligence tutoring
Educational evaluation
Instructional scaffolding
Learning technology
Programming education

This study examines how instructional scaffolding is enacted in dialogue-
based artificial intelligence (Al) tutoring systems for programming education
and evaluates the levels of cognitive demand they support. While Al tutors
can guide novice learners through programming tasks, it remains unclear
whether they promote meaningful higher-order thinking or primarily support
procedural task completion. Using a mixed-methods approach, 1,255 tutor
utterances from 36 tutoring sessions were analyzed using a dual-layer coding
framework grounded in instructional scaffolding theory and Bloom’s revised
taxonomy. Results show that instructional support is concentrated at the
understanding and applying levels, with prompting and explaining as
dominant strategies. Higher-order cognitive scaffolding (analyzing,
evaluating, creating) was rare or absent. Sequential patterns revealed
repetitive prompting—explaining cycles with limited scaffold progression.
These findings indicate that Al tutoring effectively supports foundational

learning but lacks mechanisms for deeper cognitive engagement. This study
highlights the need for pedagogically informed Al tutor design and provides
actionable insights for educators and system developers to integrate Al tools
in ways that promote higher-order thinking and independent problem-
solving.
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1. INTRODUCTION

Dialogue-based tutoring systems are a promising approach for supporting learning in complex
domains such as programming in higher education. Recent studies on artificial intelligence (Al) in education
highlight the growing use of Al-driven tutoring systems for adaptive learning, personalized feedback, and
intelligent assessment [1]. These systems support learning through natural language interaction, allowing
tutors to guide reasoning and provide timely feedback. Such environments encourage learners to explain their
thinking and engage in multi-turn dialogue, which can improve learning outcomes, especially in tasks that
require reasoning. Research also shows that integrating diagnostic assessment and student modeling allows
instruction to adapt to learner responses, enabling more personalized learning [2], [3]. Compared with static
materials, dialogue-based systems promote active engagement through questioning, explanation, and
feedback, which can support deeper learning [4].

Programming education presents challenges for novice learners. Beginners often struggle to
translate problems into correct program structures, develop mental models, and reason about program
behavior. These difficulties lead to misconceptions, logical errors, and high cognitive load, especially when
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working with variables, conditionals, and loops [5], [6]. Instructional scaffolding helps address these
challenges by providing guidance that is gradually reduced as learners gain competence [7]-[9]. This aligns
with the zone of proximal development (ZPD), where learners perform tasks with support before achieving
independence [8]. Bloom’s revised taxonomy provides a framework for examining cognitive demand, from
basic recall to higher-order thinking such as analyzing, evaluating, and creating [10].

The increasing use of Al tutoring systems in higher education raises questions about instructional
quality. While prior research highlights their potential for personalization and feedback [11], [12], most
studies focus on system performance or learning outcomes. Less attention has been given to how scaffolding
is implemented in tutoring dialogue and how it shapes cognitive engagement [13]—[16]. A key limitation is
that many Al programming tutors emphasize procedural knowledge, such as syntax and step-by-step problem
solving, with limited support for higher-order thinking. This can lead to surface-level learning, where
students complete tasks but struggle with abstraction, evaluation, and creative problem solving. These skills
are essential for real-world programming. Without careful design, reliance on Al tutoring may limit critical
thinking and independence. This issue is important in programming education, where learning requires both
correct solutions and deep understanding. Without systematic evaluation of scaffolding and cognitive
demand, educators lack guidance on whether Al tutors support or constrain deeper learning.

Research on instructional dialogue shows that interaction can improve understanding when learners
actively explain and respond to questions [16], [17]. Scaffolding theory also shows that effective support
adapts to learner needs and promotes independence [7], [18]. However, recent studies suggest that Al
tutoring systems often rely on directive or surface-level guidance unless pedagogical principles are embedded
in their design [13], [19], [20].

This study addresses the question: how is instructional scaffolding enacted in dialogue-based Al
programming tutoring, and what levels of cognitive demand does it promote during problem solving?
A mixed-methods approach was used to analyze 1,255 tutor utterances from 36 sessions using a dual-layer
coding framework based on scaffolding theory and Bloom’s revised taxonomy. This study provides
a structured way to evaluate instructional quality in Al tutoring and offers insights for educators, instructional
designers, and system developers.

2. METHOD
2.1. Research design

This study adopted a mixed-methods research design to evaluate instructional scaffolding in dialogue-
based tutoring interactions. The analysis combined quantitative coding of tutor utterances with qualitative
examination of instructional dialogue. A dual-layer coding framework was used, integrating instructional
scaffolding strategies with Bloom’s revised taxonomy [10] to evaluate both the type of instructional support
and the level of cognitive demand. The evaluation focused on instructional behavior rather than learner
performance outcomes or technical system accuracy. This methodological approach is particularly important
for educational evaluation because it moves beyond measuring system performance or learner outcomes and
instead examines the instructional quality embedded within AI tutoring dialogue. By analyzing how
scaffolding strategies align with cognitive demand, the study provides a more comprehensive understanding
of whether Al systems support meaningful learning processes rather than merely facilitating task completion.

2.2. Research setting and participants

The study was conducted in an introductory programming course at a public university. Participants
were novice programming students who voluntarily engaged with a dialogue-based tutoring system as
a supplementary learning tool during problem-solving activities. The tutoring system supported learners as
they worked on structured programming tasks involving fundamental programming concepts such as input
handling, conditional statements, and loops. A total of 36 tutoring sessions were included in the analysis.
Sessions were selected based on completeness, defined as sustained interactions containing multiple
instructional exchanges related to a programming task. All interaction data were anonymized before analysis
to protect participant privacy and ensure ethical compliance.

2.3. Data collection

Tutoring interaction logs were collected automatically by the learning platform. Each log contained
sequential dialogue between the tutor and the learner, including instructional prompts, explanations, questions,
and feedback provided during problem-solving activities. Sessions with minimal interaction or incomplete
dialogue were excluded. The final dataset consisted of 1,255 tutor utterances across the 36 sessions. Tutor
utterances were selected as the unit of analysis because the study focused on evaluating the instructional
support provided during tutoring interactions, rather than learner responses or overall session outcomes.
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2.4. Coding framework

Instructional support was evaluated using a dual-layer coding framework grounded in educational
theory. The first coding layer classified tutor utterances according to instructional scaffolding strategies,
including prompting, questioning, explaining, instructing, modeling, and feedback. These categories reflect
established forms of instructional support commonly used in tutoring and classroom instruction. The second
coding layer classified each tutor’s utterance according to it is cognitive demand using Bloom’s revised
taxonomy. Cognitive levels included remembering, understanding, applying, analyzing, evaluating, and
creating. Each utterance was assigned a single dominant cognitive level based on the instructional intent
conveyed in the dialogue. The instructional scaffolding strategies and cognitive levels used in the analysis are
summarized in Table 1, which presents the dual-layer coding framework applied to tutor utterances. This
framework enabled examination of how instructional scaffolding strategies were distributed across different
levels of cognitive complexity.

Table 1. Dual-layer coding framework for instructional scaffolding and cognitive levels
Bloom’s

o Cognitive objective Instructional scaffolding strategies Illustrative tutor actions
cognitive level
Remembering Recall facts, definitions, or Cueing, direct instruction, corrective Reminding learners of programming
syntax feedback keywords or syntax rules
Understanding Explain concepts or Explaining, paraphrasing, clarification Clarifying the purpose of a variable or
interpret meaning questions, concept checking explaining how a condition works
Applying Use knowledge to Prompting, worked examples, guided Guiding learners to apply rules when
complete tasks practice, feedback writing or modifying code
Analyzing Differentiate, organize, or Questioning, error identification, Asking learners to locate logic errors or
identify relationships comparison prompts compare solution approaches
Evaluating Justify decisions or assess Justification prompts, reflective Encouraging learners to explain why a
solutions questioning, feedback solution is efficient or correct
Creating Generate new or original Open-ended prompting, minimal Encouraging learners to design their own
solutions guidance, scaffold fading functions or alternative solutions

2.5. Coding procedure and reliability

All tutor utterances were coded using a combination of rule-based preprocessing and manual review.
Initial coding was conducted by the research team using a predefined coding guide. To support consistency,
utterances were first organized using instructional cues to assist the manual coding process.
All classifications were subsequently verified through human review to ensure accuracy and reliability.
To ensure reliability, a subset of tutor utterances was independently reviewed by more than one researcher.
Discrepancies in coding decisions were discussed and resolved through consensus, and the coding guide was
refined as needed. This iterative process helped maintain internal consistency across the dataset.

2.6. Data analysis

Quantitative analysis focused on descriptive statistics, including frequency distributions of
scaffolding strategies and cognitive levels. Transition patterns between instructional strategies were also
examined to explore how instructional support evolved during tutoring interactions. Inferential statistical
testing was not applied, as the purpose of the study was to evaluate instructional behavior rather than to test
causal relationships or generalize findings to broader populations. Qualitative analysis involved close
examination of representative dialogue excerpts to illustrate common instructional patterns and notable
deviations. These excerpts were used to contextualize quantitative findings and to examine how instructional
scaffolding supported or constrained learner cognitive engagement during problem-solving activities.

3.  RESULTS AND DISCUSSION
3.1. Results

This section presents the findings from the analysis of instructional scaffolding in dialogue-based
programming tutoring interactions. A total of 1,255 tutor utterances from 36 tutoring sessions were examined
using a dual-layer coding framework.

3.1.1. Distribution of instructional scaffolding strategies

The distribution of instructional scaffolding strategies is shown in Figure 1. Prompting was the most
frequently used strategy. It accounted for the largest share of tutor utterances and was used to guide learners
through procedural steps, such as focusing on code segments or encouraging iterative testing. Explaining and
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questioning were the next most common strategies. Explaining clarified programming concepts and syntax,
while questioning elicited reasoning or checked understanding. In contrast, instructing, modeling, and
feedback appeared less often. These results show that instructional support was mainly directive and focused
on task completion rather than demonstrating expert reasoning or encouraging reflection.

I nstructional Scaffalding Strategies I Cognitive Levels of Instructional Support

400 390 390
350 335
@ 300
U
c
:
£ 250
=
g
,E 200
-
o
5150 140
4 15
=
=
Z 100
50
50 30
5 d 4 2
p- —— N s .
Prompting  Explaining  Questioning  Feedback  Instructing Modeling Understanding  Applying Analyzing Evaluating Creating
Category

Figure 1. Distribution of scaffolding strategies and cognitive levels in tutor utterances

3.1.2. Cognitive levels of instructional support

The cognitive levels of instructional support are also shown in Figure 1. Most utterances were at the
understanding and applying levels. These focused on concept clarification, syntax explanation, and rule-
based problem solving. Only a few utterances reached the analyzing and evaluating levels. These involved
error detection, comparison of approaches, or justification of solutions. No utterances were classified at the
creating level. This shows a lack of prompts that encourage original solutions or alternative strategies.
Overall, the cognitive demand was limited to lower and mid-level processes.

3.1.3. Analysis of scaffolding alignment and instructional transitions

Figure 2 presents an integrated view of instructional scaffolding by combining the alignment
between scaffolding strategies and Bloom’s cognitive levels, as in Figure 2(a), and the transition patterns
between strategies during tutoring, as in Figure 2(b). Together, these show both the cognitive depth of
instruction and how scaffolding unfolds over time. The alignment heatmap shows that scaffolding is
concentrated at lower to mid-level cognitive demands. Prompting is most strongly linked to the applying
level (393 utterances, about 33%), indicating a focus on procedural tasks. Explaining aligns with the
understanding level and supports concept clarification. Questioning appears across understanding and
applying, with few instances at higher levels. The remembering level is rare and mainly associated with
explaining and questioning. Higher-order levels such as analyzing and evaluating are limited across all
strategies, and creating is absent. This pattern shows that scaffolding focuses on procedural guidance rather
than deeper cognitive engagement.

The transition heatmap shows how scaffolding develops during interaction. The most common
pattern is prompting — prompting, which reflects repeated directive support. This is followed by transitions
between prompting and explaining, showing cycles of instruction and clarification. Transitions involving
questioning, feedback, and instructing are less frequent. Modeling is rare and does not appear in sustained
sequences. There is little evidence of progression to more complex strategies or scaffold fading. The figure
shows instructional stability rather than progression. Tutoring interactions remain at lower to mid-level
scaffolding and do not advance toward higher-order thinking or adaptive shifts in instruction.
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Figure 2. Integrated alignment of (a) instructional scaffolding strategies with Bloom’s cognitive levels and
(b) transition dynamics in tutoring interactions

3.1.4. Qualitative illustrations of scaffolding patterns

Representative dialogue excerpts are shown in Table 2. These examples illustrate common
scaffolding patterns. Instructional support mainly guides procedural task completion and concept
clarification. Fewer instances promote higher-order reasoning or evaluation. Qualitative analysis shows that
learners were effectively guided through syntax corrections and logical steps, which supported task
completion. However, even when learners seemed ready for deeper reasoning, the system often returned to
procedural prompts. Opportunities for abstraction, comparison, and evaluation were limited. The strategy and
cognitive level patterns in Table 2 align with the results in Figure 2. Prompting at the applying level and
explaining at the understanding level were most common. This consistency between quantitative and

qualitative findings strengthens the overall results.

Table 2. Representative dialogue excerpts illustrating instructional scaffolding patterns

Scaffolding - Bloom’s cognitive Representative tutor excerpt Instructional purpose
strategy level
Prompting Applying “Try checking the condition inside the loop again. Guides learners to apply programming
What happens when the value changes?” rules to complete a task
Explaining Understanding “An int is used for whole numbers, while a char stores  Clarifies conceptual understanding of
a single character.” programming constructs
Questioning Understanding “What do you think this line of code is supposed to  Encourages learners to articulate
do?” conceptual understanding
Prompting Understanding “Look at the variable declaration first before moving to  Directs attention to relevant
the condition.” components of the task
Questioning Analyzing “How is this loop different from the one you used Prompts comparison and identification
earlier?” of relationships
Feedback Applying “That condition works correctly now. You can move to  Confirms correct application and
the next step.” reinforces learning
Explaining Remembering “Remember that if statements always need a condition  Reinforces recall of syntax rules
inside the parentheses.”
Prompting Applying “Try running the code again after changing that value.”  Encourages iterative testing and task
completion
Questioning Evaluating “Why do you think this solution is more efficient?” Promotes justification of programming
choices
Prompting Applying “Add the break statement once the score reaches the  Guides procedural execution

limit.”

3.2. Discussion

The findings of this study are supported by empirical analysis of 1,255 tutor utterances collected
from 36 authentic tutoring sessions. This allowed a systematic examination of scaffolding strategies and their
cognitive levels in dialogue-based tutoring. The findings show how these systems support programming
learning and reveal both strengths and limitations of Al-supported scaffolding.
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3.2.1. Interpretation of instructional patterns

The frequent use of prompting and explaining shows that the system supports procedural tasks and
basic concept understanding. Prior studies show that novice programmers benefit from clear guidance and
explicit explanations, especially when Al systems provide structured scaffolding and feedback during
problem solving [7], [8], [21]. From a sociocultural perspective, such instructional support aligns with
scaffolding within the learner’s ZPD, where guidance enables task completion that learners may not yet
achieve independently [8].

However, the limited use of modeling and reflective feedback suggests that learners are rarely
exposed to demonstrations of expert reasoning or opportunities for metacognitive reflection. Research on
cognitive apprenticeship emphasizes that modeling plays a critical role in making expert thinking visible,
thereby supporting conceptual transfer and strategic problem solving [22]. Feedback studies also show that
effective feedback promotes reflection, self-monitoring, and autonomy, not just error correction [23]. Its
impact depends on task complexity, which highlights the need for well-designed feedback to support deeper
learning [24].

3.2.2. Cognitive demand and depth of learning

The concentration of instructional support at the understanding and applying levels of Bloom’s
revised taxonomy shows a focus on lower to mid-level cognitive processes. This pattern is consistent with
prior studies in programming education, where instruction often emphasizes rule application and syntax
mastery [5], [25]. While this is suitable for novice learners, the limited support for higher-order thinking
raises concerns. Opportunities for analysis, evaluation, and creative problem solving appear restricted.
Higher-order engagement is important for developing transferable skills and long-term learning. It supports
deeper understanding, sustained problem solving, and persistence in real tasks [26], [27]. The absence of
creating-level scaffolding suggests that dialogue-based tutoring systems need more deliberate design to
support cognitive progression beyond procedural skills. Without such support, Al tutoring may reinforce
surface-level learning rather than deeper understanding. These findings do not mean the system is ineffective.
Instead, they show that its pedagogical scope is limited. The system is effective for procedural mastery but
less suited for promoting higher-order cognitive engagement.

3.2.3. Scaffolding progression and instructional design

Effective scaffolding involves not only providing instructional support but also gradually shifting
responsibility to the learner as competence increases [24]. The observed repetition of prompting and
explaining without consistent progression toward open-ended questioning or scaffold fading suggests that
instructional support may plateau rather than adapt to learner readiness. Similar limitations have been
reported in studies of Al-driven scaffolding systems, where instructional dialogue may remain directive
unless adaptive scaffolding mechanisms are intentionally embedded in the system design [28]-[30]. These
findings underscore the importance of embedding pedagogical intelligence into dialogue-based tutoring
systems to support sustained cognitive development.

3.2.4. Implications for Al tutor design

The findings have important implications for the design of Al-supported tutoring systems. Current
systems support procedural learning but need stronger pedagogical features to promote deeper thinking. Al
tutors should include adaptive scaffolding that increases in cognitive complexity as learners improve. They
should also use higher-order questions that prompt learners to analyze, evaluate, and justify their answers.
Systems should apply scaffold fading to gradually reduce support and build learner independence.
Metacognitive prompts can help learners reflect and monitor their thinking, while modeling expert reasoning
can make problem-solving strategies clearer. Together, these features can move Al tutoring beyond
procedural support and promote cognitive development, higher-order thinking, and learner autonomy.

3.2.5. Implications for educational practice

From an educational evaluation perspective, the findings suggest that Al-supported tutoring systems
effectively reinforce foundational and procedural skills. However, consistent with prior research, reliance on
these systems without pedagogical oversight may limit higher-order thinking and self-regulated learning [9],
[11], [22], [31]. Thus, dialogue-based tutors should be used as complementary tools rather than replacements
for instruction targeting reasoning, reflection, and creativity. Educators can integrate Al tutoring for practice
and reinforcement, while reserving class time for analysis, evaluation, and creative problem-solving. This
blended approach supports both automated guidance and human-facilitated cognitive development.
Additionally, teacher training should include guidance on interpreting Al-generated dialogue to identify
when further scaffolding is needed.
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3.2.6. Limitations and future research directions

This study has several limitations. It analyzed interaction logs from a single tutoring system in
a specific programming context, limiting generalizability. It also focused on tutor utterances without
examining learner responses or outcomes. Future research should explore how adaptive dialogue adjusts
scaffolding based on learner responses and readiness, compare Al and human scaffolding approaches, and
conduct longitudinal studies on cognitive development. Applying this framework across domains and Al
platforms would further test generalizability.

4. CONCLUSION

This study examined instructional scaffolding in a dialogue-based Al tutoring system for novice
programming learners. It aimed to determine whether Al tutoring promotes cognitive engagement beyond
procedural tasks. A dual-layer coding framework based on scaffolding theory and Bloom’s revised taxonomy
was used to analyze 1,255 tutor utterances from 36 sessions. The findings show that scaffolding is
concentrated at the understanding and applying levels. Prompting and explaining were the main strategies.
These support concept clarification and rule-based problem solving. However, higher-order processes such as
analyzing, evaluating, and creating were rarely observed. The analysis also shows that interactions often
remain in directive guidance and do not progress toward scaffold fading or learner autonomy.

These results suggest that Al tutoring systems support foundational knowledge and procedural
skills. However, their impact is limited without design features that promote deeper cognitive engagement.
Adaptive scaffolding, reflective questioning, and higher-order prompts may help support more advanced
thinking. Al tutors should not be treated as complete instructional solutions. They should be used as part of
a broader pedagogical approach. Combining Al support with teacher guidance can better promote meaningful
learning and cognitive development.
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