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Automated Content Generation for Adaptive Tutoring Systems
using a Multi-LILM Pipeline: A Case Study in Statistics Education
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Abstract

Intelligent Tutoring Systems (ITS) improve learning outcomes through personalized learning paths and adaptive
feedback, but developing high-quality instructional content requires substantial human resources. This study proposes
an automated content generation methodology for ITS using a Multi-LLM pipeline and evaluates its effectiveness
through expert human assessment. The approach consists of two phases: skill extraction and problem generation.
Experimental results show that GPT performed best as a generator in Phase 1, with the ‘GPT—Claude’ pipeline
achieving the highest performance, while in Phase 2 the ‘Claude—~GPT’ pipeline demonstrated both the highest mean
score and superior quality stability. These findings provide practical design guidelines for Multi-LLM-based automated
generation of adaptive learning content.
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...(omitted)...

["SK1_P1_Dia-ht"],
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Table 3. ANOVA: Pipeline type

Source | SS df MS F p n?

Between| 2756 | 2 | 1378 | 2079 | 0.138 | 0.09

Within | 27867 | 42 | 6.63

Total |30622| 44
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Table 4. ANOVA: Generator model

Source | SS df MS F p n?

Between| 5204 | 2 | 2602 | 4302 | .020° | O.17

Within | 254.13| 42 | 6.05

Total |306.18| 44

0<.05

F(2, 42) = 4.302, p = .020, n? = .170
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Generator Model
32 5 Phase 1@ MAA 2E H|W
Fig. 5. Phase 1: Generator model comparison
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