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Abstract
This study presents a preliminary student evaluation of Joyful Learning TALPer, an LLM-based scaffolding
tutor. The system is designed to provide dialogic learning support through Explicit Instruction and Socratic
questioning, with tutor strategies including prompting, scaffolding, modeling, feedback, sequencing, summarizing,
and affective support. The present study examined its use in an elementary mathematics learning activity. A total
of 21 fifth-grade students used Joyful Learning TALPer to learn a unit on multiples and common multiples. Pre-
and post-tests were used to examine changes in mathematics performance. Learning satisfaction and cognitive
load were measured after the activity. In addition, Epistemic Network Analysis (ENA) was conducted to examine
patterns of connections among the tutor’s instructional strategies during student–AI tutor mathematics dialogues.
Results showed significant improvement in students’ mathematics test performance. After the learning activity,
students reported positive learning satisfaction and a moderate level of cognitive load. The cognitive load results
indicated that students perceived the learning content, task demands, instructional presentation, and explanation
format as manageable. The ENA results revealed identifiable connections among these strategies, showing that
scaffolding, feedback, prompting, sequencing, and affective support were closely integrated during student–AI
tutor interactions. These findings provide preliminary evidence for the feasibility of applying Joyful Learning
TALPer in elementary mathematics learning and offer a basis for future studies involving students with learning
difficulties or low academic achievement.
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1. Introduction

With the rapid development of generative artificial intelligence and large language models (LLMs),
conversational AI systems have increasingly been applied in educational contexts. Such systems can
respond to student input in real time, provide individualized explanations, and offer support that may
be difficult to provide immediately in ordinary classrooms. Prior studies have discussed the potential of
LLMs for educational assistance, intelligent tutoring, and feedback generation [5, 7, 10].

Pedagogically appropriate guidance requires more than correct answers or complete explanations. In
instructional dialogue, students often need support in understanding task requirements, following step-
by-step reasoning, revising incorrect responses, and maintaining engagement. Students with special
educational needs, learning difficulties, or low achievement often require differentiated instructional
strategies, including instructional scaffolding and flexible approaches [3, 11].

Cognitive load is also important when generative AI chatbots are integrated into learning activities.
Chatbots may help students manage cognitive demands through simplified explanations and step-
by-step guidance, but students must also follow the dialogue and interpret AI-generated responses.
Prior K–12 research suggests that chatbot design may shape interaction patterns and cognitive load
management [6].
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However, several gaps remain in the current literature. Although educational chatbots have been
studied across purposes, educational levels, and interaction mechanisms [12], relatively few studies
explain how pedagogical principles are translated into concrete designs for LLM-based tutors [10]. In
addition, although recent K–12 research has examined students’ perceptions, interaction patterns, and
learning support with generative AI chatbots [6], evidence remains limited in elementary mathematics,
especially for cognitive load and post-activity perceptions. Furthermore, tutor moves during student–AI
dialogues are often not examined in detail, making it difficult to determine whether the system functions
as a pedagogically guided tutor or a general-purpose chatbot [10, 12].

In response, this study examines how Joyful Learning TALPer can be implemented as a pedagogically
guided LLM-based tutor in an elementary mathematics learning activity. Joyful Learning TALPer is an
LLM-based scaffolding tutor grounded in Explicit Instruction [1], Socratic questioning, and differentiated
support for diverse learners [3, 11], utilizing simplified language, step-by-step guidance, and affective
encouragement. The system provides structured dialogic support through prompting, scaffolding,
feedback, sequencing, summarizing, modeling, and affective support.

In the present study, Joyful Learning TALPer was applied to an elementary mathematics unit on
multiples and common multiples. As an initial student evaluation, this study examined fifth-grade
students’ mathematics performance, learning satisfaction, perceived cognitive load, and student–AI
tutor interaction patterns. ENA was used to examine patterns of connections among tutor instructional
strategies.

Accordingly, this study addressed the following research questions:
RQ1. Did students’ mathematics test performance improve after using Joyful Learning TALPer in a

mathematics learning unit?
RQ2. What levels of learning satisfaction and cognitive load did students report after using Joyful

Learning TALPer?
RQ3. What patterns of connections among the tutor’s instructional strategies emerged in student–AI

tutor mathematics interactions?

2. System Design

Joyful Learning TALPer is an LLM-based scaffolding tutor. The system uses a structured prompt
framework grounded in Explicit Instruction [1] and Socratic questioning, guiding it to focus on critical
content, sequence skills logically, decompose complex tasks, provide guided practice, and offer immediate
feedback.

In the present implementation, Joyful Learning TALPer was used in a fifth-grade mathematics unit
on multiples and common multiples. The tutor model used in the learning activity was Gemini 2.5
Flash, and students interacted with the tutor through the Joyful Learning TALPer chat interface.

The tutoring flow was designed to be simple and consistent. The tutor was instructed to first check
the student’s current idea and then provide a suitable support move, such as a guiding question, hint,
feedback, or short explanation. When a student gave an incomplete or incorrect answer, the tutor was
instructed to give a simpler prompt or example first, and to avoid giving the final answer too early.

This design differs from a general-purpose chatbot in three ways. First, the prompt framework limited
the tutor to the target mathematics unit and required stepwise guidance. Second, the tutor was asked to
avoid long explanations and direct answer-giving when a hint or question was more suitable. Third,
the system included affective support, such as short encouragement or reassurance, so that feedback
was not only corrective but also supportive.

The tutor prompt specified the tutor role, interaction rules, instructional constraints, and other
settings. Appendix A provides a representative shortened excerpt showing the role setting and selected
interaction rules.

Tutor responses were coded according to their pedagogical functions. The coding framework in-
cluded seven tutor instructional strategies: prompting (T.PROMPT), scaffolding (T.SCAFF), modeling
(T.MODEL), feedback (T.FEED), sequencing (T.SEQ), summarizing (T.SUM), and affective support (T.AFF).



For example, T.PROMPT referred to questions or prompts used to elicit student thinking, such as “What
is the first step we should try?”, and was aligned with Explicit Instruction Principles P1 and P11. T.SCAFF
referred to hints, partial guidance, or step cues, such as “You can first list the multiples of 4, and then
list the multiples of 6,” and was aligned with P3 and P10. T.FEED referred to immediate affirmative,
corrective, or next-step feedback, such as “That is a good start, but let’s check whether 12 appears
in both lists,” and was aligned with P13 and P12. The coding framework was used to examine how
Joyful Learning TALPer translated Explicit Instruction principles into dialogic tutoring behaviors during
mathematics learning interactions.

3. Method

3.1. Participants and Learning Unit

Participants were 21 fifth-grade students from a general elementary classroom. The learning unit was
multiples and common multiples. The Joyful Learning TALPer learning activity lasted approximately 40
minutes, excluding the pre- and post-tests. Students completed a mathematics test before and after using
Joyful Learning TALPer. They also completed learning satisfaction and cognitive load questionnaires
after the learning activity.

3.2. Measurement Instruments

Students’ mathematics performance was measured using pre- and post-tests on multiples and common
multiples. Each test included eight multiple-choice items drawn from an expert-reviewed digital learning
platform. The pre- and post-tests used parallel items covering the same concepts. Test scores were
converted into percentage scores. Learning satisfaction was measured after the learning activity using
a nine-item, 5-point Likert scale adapted from Chu et al. [2]. Cognitive load was also measured after
the learning activity using an eight-item, 7-point Likert scale from Hwang et al. [4]. The cognitive
load measure included two subscales: mental load and mental effort. Mental load referred to students’
perceived difficulty, challenge, pressure, frustration, and time demand in the learning activity. Mental
effort referred to students’ perceived effort associated with the instructional format, presentation, and
explanation of the learning content.

3.3. Data Analysis

Paired-samples t-tests were used to examine pre-post changes in mathematics test performance, with
the direction of change defined as posttest minus pretest. Effect size was calculated as paired Cohen’s
d. Learning satisfaction and cognitive load were analyzed using descriptive statistics because these
measures were administered only after the learning activity.

Epistemic Network Analysis (ENA) was used to examine patterns of co-occurrence among tutor
instructional strategies in student–AI tutor dialogues. Only tutor turns were included in the ENA
analysis. Each tutor response was coded according to its pedagogical function, and one response
could receive one or more codes. Co-occurrences were modeled using a moving window of four coded
tutor responses; therefore, nodes represented tutor instructional strategies, and edges represented the
co-occurrence strength among strategies within the window [9]. The analysis was conducted using the
ENA Web Tool (Version 1.9.0) [8].

For the coding process, the unit of analysis was one tutor response. The final analysis included the 21
students who completed both the pretest and posttest. Each student dialogue contained approximately
30 to 40 tutor turns. Each tutor response could receive one or more strategy codes because a single
response could, for example, provide feedback while also providing affective support.

To ensure the reliability of the ENA coding, two human coders independently coded all tutor responses,
and their inter-rater reliability reached Cohen’s kappa = .847, indicating substantial agreement. Coding



disagreements were discussed with reference to the codebook, and the agreed codes were used to
prepare the final ENA dataset.

4. Results

4.1. Mathematics Performance

A paired-samples t-test was conducted to examine students’ changes in mathematics performance
before and after using Joyful Learning TALPer. Table 1 presents the descriptive and inferential results.

Students' mathematics test scores were significantly higher after the Joyful Learning TALPer activity,
with an effect size approaching the large range.

Table 1: Pre-post comparison of mathematics performance

Variable
Pretest M

(SD)
Posttest M

(SD)
Mean

difference t p d

Mathematics test 28.81
(32.74)

60.38
(28.74)

31.57 3.535 ** .002 0.77

Note. Mean difference = posttest - pretest. ** p < .01.

4.2. Satisfaction and Cognitive Load

Descriptive statistics indicated that students reported positive satisfaction with the learning activity
and a moderate level of cognitive load. Table 2 presents the item-level descriptive results.

The learning satisfaction mean was approximately 4.03 out of 5, suggesting that students generally
viewed the activity positively. The cognitive load mean was approximately 3.86 out of 7, indicating a
moderate level of perceived cognitive load after the activity. Because cognitive load was measured only
after the activity, these results should be treated as descriptive post-activity perceptions.

Table 2: Satisfaction and cognitive load descriptive statistics

Variable N Item mean Item-level SD

Learning satisfaction 21 4.03 / 5 0.96
Cognitive load total 21 3.86 / 7 1.91

Mental load 21 3.85 / 7 1.94
Mental effort 21 3.87 / 7 1.94

Note. Scores are reported as item-level means and standard deviations.

4.3. Interaction Patterns

ENA was conducted to examine patterns of connections among tutor instructional strategies during
student–AI tutor mathematics interactions. As shown in Fig. 1, the network revealed identifiable
tutor interaction patterns. T.SCAFF, T.FEED, T.PROMPT, T.AFF, and T.SEQ formed the main network,
indicating that scaffolding, feedback, prompting, affective support, and sequencing frequently co-
occurred during students’ problem-solving dialogues.

T.AFF appeared visually prominent and formed visible connections with multiple instructional
strategies, including T.PROMPT, T.FEED, T.SCAFF, and T.SEQ. This pattern suggests that affective
support was embedded within the broader instructional process. T.MODEL and T.SUM were positioned
outside the main network, indicating that modeling and summarizing were less central in the overall
interaction patterns.



Figure 1: Tutor ENA network from student–AI tutor mathematics interactions. Nodes represent
tutor instructional strategies, and edges represent co-occurrence strength among strategies within
student–AI tutor dialogue sessions. Thicker edges indicate stronger co-occurrence patterns.

5. Discussion

Regarding RQ1, students’ mathematics test scores were significantly higher after the learning activity.
This finding suggests better performance on the unit after using Joyful Learning TALPer. However,
because the study did not include a control group, the improvement should not be interpreted as causal
evidence of system effectiveness.

Regarding RQ2, students reported positive satisfaction and a moderate level of cognitive load after
the activity. These results suggest that students accepted the activity well and perceived the content
and presentation as manageable. However, because cognitive load was measured only after the activity,
the result does not show a reduction in cognitive load.

Regarding RQ3, the ENA results showed that scaffolding, feedback, prompting, sequencing, and
affective support formed the main interaction pattern in the student–AI tutor dialogues. This suggests
that TALPer combined instructional guidance with supportive responses during problem solving.
Modeling and summarizing were less central, suggesting that the tutor mainly supported students
through hints, feedback, and short prompts rather than long worked examples or end-of-task summaries.
This may reflect the current emphasis on Socratic questioning and stepwise scaffolding, with modeling
used more selectively when students could not progress through hints or feedback alone.

Overall, the findings provide preliminary support for applying Joyful Learning TALPer as a scaffolding
tutor in elementary mathematics and for refining the system before extending it to students with learning
difficulties or low academic achievement.

From a human–AI agency perspective, the tutor-side ENA results show how scaffolding, feedback,
prompting, sequencing, and affective support were organized within TALPer’s tutor-side responses.



Because the analysis focused only on tutor turns, it cannot directly explain students’ learner agency or
reflective learning. Future work will jointly analyze tutor moves and student responses to examine how
proactive AI scaffolding shapes students’ participation, reflection, and decision-making. In practice,
TALPer should be viewed as a support tool rather than a replacement for the teacher, and the dialogue
records may help teachers review students’ support needs and plan whole-class or individual guidance.

6. Conclusion

This study conducted a preliminary evaluation of Joyful Learning TALPer in an elementary mathematics
context. Students showed significantly higher mathematics test scores after using the system and
reported positive satisfaction and moderate cognitive load. The ENA results showed tutor interaction
patterns centered on scaffolding, feedback, prompting, sequencing, and affective support, suggesting
that the system enacted its intended instructional strategies during student–AI tutor interactions.

This study has several limitations. First, it did not include a control group, and participants were from
one general elementary class; therefore, the pre-post improvement should be interpreted as preliminary
rather than causal evidence. Second, satisfaction and cognitive load were measured only after the
activity and should be interpreted as post-activity perceptions. Third, although coding reliability reached
substantial agreement, the ENA findings were based on coded tutor responses and may be influenced by
the coding framework and final agreed codes. Future studies should include controlled designs, larger
samples, students with learning difficulties or low academic achievement, and additional coding checks
across learning units.
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A. Representative Shortened Tutor Prompt Excerpt

Prompt (shortened):
[Role] You are Joyful Learning TALPer, an empathetic and lively tutoring partner for
elementary and junior high school students.

[Interaction rules] Use Traditional Chinese, short responses, simple words, one concept per
turn, positive feedback, special-education-friendly scaffolding, and a seven-step mathemat-
ics problem-solving strategy. Do not give the final answer directly; provide hints, examples,
or simpler questions first.
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