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Abstract 
The rapid development of Large Language Models (LLMs) has offered 
new opportunities for personalized education while raising concerns 
about bias amplification, equity gaps, and the digital divide. This quasi-
experimental study explores LLM applications in high school Computer 
Science (CS) education, focusing on bias mitigation and bridging to 
higher education. A sample of 616 students from a key high school in 
northern China was randomly assigned to an experimental group (LLM 
personalized instruction, n=308) or a control group (traditional 
instruction, n=308). The 8-week intervention built CS skills through 
progressive tasks from basic syntax to comprehensive projects, aligned 
with university domains (e.g., ACM CS2023). Methods integrated 
UNESCO (2025) and OECD (2025) guidelines, emphasizing low-
bandwidth solutions and bias mitigation strategies such as prompt 
engineering and multi-model comparison. Data analysis combined 
quantitative approaches (t-tests, ANOVA, bridging index) and 
qualitative NVivo thematic coding to assess performance gains, 
subgroup equity, and bias indicators (MAB and MDB). Results showed 
significant improvements in the LLM group (p<0.05), with a 15% 
average bridging index and 80%±5% bias mitigation rate. However, 
urban-rural and gender biases still require further optimization. This 
study provides empirical insights into responsible LLM use in education 
and proposes policy frameworks and model optimization (unified super 
models vs. mixture of experts) to advance global equity and ethical AI 
integration. 
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1Introduction 
Large Language Models (LLMs) have developed rapidly since 2022 and have become 
core tools for technology enhancement in higher education. Based on the Transformer 
architecture (Vaswani et al., 2017), these models achieve contextual understanding 
and generative output through attention mechanisms, supporting personalized 
learning, intelligent tutoring, and automated assessment (Wang et al., 2024). In 
higher education, LLM-driven adaptive feedback can improve teaching efficiency, but 
it may also amplify structural inequities, such as data biases leading to the 
marginalization of developing countries (Stracke et al., 2025). From a global 
perspective, LLMs can help bridge the digital divide: UNESCO (2025) emphasizes that 
AI can reduce educational inequalities and promote equitable access; however, early 
applications have mostly focused on the West, overlooking empirical integration and 
ethical challenges, such as bias reproduction, privacy risks, and AI literacy deficits 
(Wang et al., 2024; UNESCO, 2025). This article extends bridging in higher education, 
emphasizing human-centered approaches (such as ethical design to restore human 
agency) and the latest technologies (such as Socratic dialogue), aligning with cultural 
perspectives and global exchange needs (Microsoft, 2025). 
 
Higher Computer Science (CS) education faces global bridging challenges: insufficient 
pre-university foundational skills lead to high undergraduate dropout rates (Joint 
Task Force on Computer Science Curricula, 2024). This is particularly severe in 
developing regions, where the digital divide exacerbates inequalities, and culturally 
adapted interventions can reduce gaps by up to 8% (OECD, 2025). LLMs offer 
opportunities, such as building from programming fundamentals to university-level 
algorithms through intelligent tutoring (Biagini, 2025), but introduce barriers: 
hallucinatory outputs undermine reliability (Alansari & Luqman, 2025), and bias 
amplification widens diversity gaps (Fan et al., 2025), such as reinforcing urban-rural 
disparities in MOOCs. In the Chinese context, imbalances in urban-rural backgrounds 
exacerbate AI literacy divides, with scarce empirical research (Biagini, 2025). This 
study employs LLM-assisted progressive tasks (such as ACM module-aligned 
projects), emphasizing local perspectives (Chinese urban-rural disparities vs. global 
trends; OECD, 2025), and prioritizes trustworthy AI frameworks (ethical 
transparency, fairness, privacy safeguards; Fan et al., 2025), mitigating hallucination 
risks (Alansari & Luqman, 2025), and fostering AI literacy pathways for disadvantaged 
learners (Biagini, 2025). 
                                                           
1 This paper is part of a special issue (2025, 3) entitled: Individual Differences in the AI and Digital Era: 
The Impact of ChatGPT and Beyond (edited by Zhisheng (Edward) Wen, Richard Sparks, and Hassan 
Mohebbi). 
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This study fills the empirical gap in AI urban-rural equity (Tang, 2023), quantifying 
LLM bridging effects through a balanced Chinese urban-rural quasi-experiment, 
enhancing rural outcomes (Chen et al., 2025), and inspiring global equity (Hossain et 
al., 2025). The significance includes: (1) Technological enhancement: reducing 
resource inequalities and promoting equitable CS enrollment (Stracke et al., 2025); 
(2) Cultural perspectives: urban-rural analysis bridging formal/informal learning, 
inspiring cross-national comparisons (Liu et al., 2025); (3) Human-centered 
approaches: embedding ethical design to support lifelong learning and avoid over-
dependence (UNESCO, 2025); (4) Digital technologies: integrating Socratic dialogue 
to enhance critical thinking (Favero et al., 2024). Overall contributions align with the 
special issue's future directions, such as LLM lifelong frameworks, supporting 
sustainable equity (Microsoft, 2025). 
 
This study evaluates the personalized effects of LLMs in pre-university CS education, 
explores bridging equity opportunities and challenges, and provides policy 
implications. Specifically, through empirical analysis of motivation/performance 
improvements (such as educational podcasts; Do et al., 2025), it examines 
bias/privacy risks and proposes quantitative frameworks (Ahmed et al., 2025).Utilize 
urban-rural data to explore AI impacts on engagement, distilling global policies (such 
as Gantt chart cross-cultural strategies; Han et al., 2025). Core questions: (1) How do 
LLMs enhance performance/motivation and bridge to higher CS (Raihan et al., 2025)? 
(2) How do LLMs reproduce structural inequities, and how can their bias/equity 
challenges be quantitatively mitigated (Ahmed et al., 2025)? (3) How can Chinese 
empirical evidence inspire global policy frameworks (such as Gantt charts), 
emphasizing ethical transparency (Han et al., 2025)? These questions align with 
trustworthy AI issues, advancing ethical deployment and global equity (Ahmed et al., 
2025; Raihan et al., 2025). 
 
Literature Review 
This section systematically reviews related research, offering a theoretical foundation 
and identifying gaps. The literature search utilized Web of Science, Google Scholar, 
SpringerLink, and ETHE databases, focusing on English articles from 2023–2025 
(keywords: LLM in higher education, AI chatbots in education, bias in LLM 
educational tools, bridging secondary to higher CS with AI, UNESCO/OECD AI 
education 2025). Approximately 80 core articles were screened, encompassing 
systematic reviews, empirical studies, and policy reports. The structure covers LLM 
development and applications, opportunities, challenges, bridging pre-university to 
higher CS education, global perspectives and policy frameworks, and research gaps. 
Emphasis is placed on LLM integration in higher education (e.g., personalized 
learning, intelligent tutoring, automated assessment) and equity/bias issues in 
developing countries, aligning with ETHE's focus on technology-enhanced higher 
education, cultural perspectives in digital learning, and human-centered approaches. 
This special issue addresses LLM challenges/opportunities/future directions, 
including equity, bias, data privacy, and lifelong learning support. Citations follow 
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APA 7th standards, prioritizing authoritative sources (e.g., UNESCO, 2025; OECD, 
2025) and integrating 15+ key comparisons (e.g., Labadze et al., 2023 as benchmark 
vs. Gallegos et al., 2024's bias survey). Criticality is enhanced via black feminist theory 
(structural inequities) and Socratic pedagogical discussions. 
 
Development and Applications of LLMs in Education 
LLM technology has progressed from early chatbots to generative AI, with initial 
applications in higher education. The Transformer architecture (Vaswani et al., 2017) 
improves contextual understanding, though Western-dominated data may worsen 
global inequities (Madaio et al., 2021). Core mechanisms leverage attention to process 
large datasets for generative outputs, used in intelligent assessment and interaction, 
yet early studies are largely descriptive, lacking empirical depth. Key milestones span 
ELIZA to the GPT series, evolving to education-specific models post-2024, such as 
SocraticLM for dialogic critical thinking (Liu et al., 2024). 
 
Systematic reviews indicate that Labadze et al. (2023) analyzed 67 articles, showing 
chatbots support personalized learning but limit higher education use to 35%, 
improving efficiency while overlooking bias (cf. Gallegos et al., 2024). Raihan et al. 
(2025) reviewed 2023–2025 literature, highlighting LLMs’ boost to CS programming 
efficiency, though algorithmic bias remains a concern. Recent advancements include 
Wang et al. (2024) summarizing automated LLM tasks with privacy warnings, and 
post-2025 emphasis on Socratic applications (Liu et al., 2024). Case studies, like Xu 
et al. (2024), demonstrate increased engagement but also amplified structural 
inequities (Madaio et al., 2021). These studies provide a foundation, yet lack empirical 
focus on Chinese urban-rural contexts. Details are presented in Table 1 below, 
summarizing literature distribution with methodology and critique columns. 
 
Table 1 
Literature Distribution by Year and Type 

Year Type Quantity Focus Examples Methodology Type Critical Limitations 
2017 Basic 

Research 
1 Transformer 

Architecture 
Foundation 

Model Development Ignores Global Data 
Bias 

2023 Systematic 
Review 

2 AI Chatbot 
Applications 

Literature Analysis Western-Centric, Few 
Empirical Studies 

2024–
2025 

Empirical 
Research 

6 LLM Bias, 
Equity, CS 

Applications 

Experiments/Surveys Abstract Discussions, 
Need to Quantify 

Urban-Rural 
Inequities 

 
Opportunities: Personalized Learning and Intelligent Tutoring 
LLMs provide opportunities, such as enhancing personalized systems and intelligent 
tutoring, although risks need to be balanced (such as over-dependence exacerbating 
inequities; Madaio et al., 2021). Research shows adaptive feedback bridges learning 
gaps, enhancing motivation and equity (Raihan et al., 2025; Yarlagadda, 2025). 
Socratic dialogue opportunities are prominent: Liu et al. (2024) empirically showed 
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multi-turn interactions improve critical thinking (Cohen's d = 0.85). Empirical 
support includes Vadaparty et al. (2025)'s CS curriculum integration, improving 
performance by 16%, but warning of dependence risks. These advantages promote 
lifelong learning, but require critical examination of potential inequalities from 
Western-dominated data (Gallegos et al., 2024). 
 
Challenges: Bias, Equity, and Privacy 
LLM challenges include bias (MAB quantifying output deviations; Weissburg et al., 
2025), equity, and privacy, although mitigation cases like Lehmann et al. (2025) 
reduced bias by 20% through prompt engineering, but structural inequities (such as 
historical urban-rural gaps) are not fully addressed (Madaio et al., 2021). Dialogue 
risks: SocraticLM hallucinations may mislead students (Liu et al., 2024). Cases: 
Gallegos et al. (2024) survey showed LLMs amplify social biases, requiring ethical 
frameworks. Literature is theoretically rich, but empirical evidence is scarce (such as 
Penn State, 2025 study, users struggle to discern bias). Critical analysis: Although 
opportunities exist, bias risks may widen inequalities, requiring multi-dimensional 
assessments, including black feminist perspectives on structural inequities. 
 
Bridging Pre-University to Higher CS Education 
Literature explores AI bridging pre-university to higher CS, with great potential but 
few empirical studies, critically showing it may reinforce inequalities (such as urban-
rural divides; Odumu & Enya, 2025). Frameworks: Beale (2025) proposed LLM 
alignment with ACM CS2023 to enhance skills, but ignored developing country cases. 
Doshi (2025) empirical evidence in India reduced dropout, but needs equity 
assessment. Socratic bridging: Liu et al. (2024) dialogues enhance algorithmic 
reasoning in disadvantaged groups. Diverse groups: Odumu & Enya (2025) analyzed 
urban-rural differences, suggesting human-centered design. Higher AI literacy: OECD 
(2025) emphasizes training to reduce gaps, but critically Western-centric (Madaio et 
al., 2021). These indicate potential, but lack Chinese empirical quantification. Details 
are shown in Table 2 below, which compares capabilities and challenges, and extends 
dataset discussions. 
 
Table 2   
Comparison of Capabilities and Challenges in Bridging Pre-University to Higher CS 
Education 

Aspect Capability Examples 
(Literature) 

Challenge Examples 
(Literature) 

Datasets/Empirical 
Evidence 

Personalized 
Bridging 

Socratic Dialogue 
Enhances Thinking (Liu 
et al., 2024) 

Reinforces Urban-Rural 
Inequities (Odumu & 
Enya, 2025) 

SocraTeach Dataset, 616-
Person Sample 

Bias Mitigation Prompt Engineering 
Reduces 20% (Lehmann 
et al., 2025) 

Amplifies Structural Bias 
(Gallegos et al., 2024) 

MAB Indicator Empirical 
Evidence 

Global Equity AI Training Reduces Gaps 
(OECD, 2025) 

Western Data Dominance 
(Madaio et al., 2021) 

Chinese Urban-Rural 
Data 

Global Perspectives and Policy Frameworks 
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Global literature stresses AI educational equity but lacks non-Western views. Policy 
reports indicate OECD (2025) forecasts AI reducing enrollment gaps with cultural 
adaptations (e.g., Chinese urban-rural vs. India; Wang et al., 2024), while UNESCO 
(2025) advocates LLM integration to narrow divides, prioritizing privacy. Equity 
examples include Microsoft (2025) boosting disadvantaged participation. In 
developing countries, Raihan et al. (2025) compares Finland/China CS equity with 
multicultural evidence, yet empirical studies remain Western-centric, overlooking 
Chinese pre-university bridging. 
 
Research Gaps and Contributions of this Study 
Literature addresses opportunities/challenges, but gaps persist: (1) Scarce empirical 
LLM bridging to higher CS in developing urban-rural contexts (limited indices; Rojas 
Apaza et al., 2024); (2) Plentiful bias mitigation theories but sparse mechanism 
analyses (e.g., MAB quantification; Alhur et al., 2025); (3) Weak policy frameworks 
(OECD, 2025); (4) Under-explored LLM lifelong learning directions (e.g., adaptive 
assessment; Behera et al., 2025). This study's contributions: 616-participant empirical 
bridging quantification (16.2% performance gain, 15% gap reduction), with policy 
implications for the special issue. These gaps drive the quasi-experimental design, 
highlighting Chinese urban-rural uniqueness. 
 
Methodology 
This section details the research's methodological design, data collection, and analysis 
strategies, ensuring rigor, replicability, and academic integrity. The design draws from 
the author's classroom practices as a computer science teacher at a key high school in 
northern China, utilizing existing school resources (10 regular classes, 616 students). 
All data are derived from authentic teaching records, including student 
questionnaires, test answers, and classroom logs. The methods reference the 
ACM/IEEE-CS/AAAI (2023) guidelines (emphasizing bridging high school-university 
CS knowledge, such as from programming basics to data structures) and integrate the 
UNESCO (2025) report "AI and education: Protecting the rights of learners" (focusing 
on learners' rights, the digital divide, and equity). Supplementary materials provide 
templates (such as prompt engineering examples and questionnaire items) to enhance 
replicability. 
 
Overall Experimental Design Principles 
Type 
A quasi-experimental design was adopted rather than a fully randomized controlled 
trial (RCT), due to high school classroom constraints (such as fixed classes, inability 
to randomize groups to avoid teaching disruptions and ethical issues). Reasons for the 
quasi-experimental approach include: utilizing natural class groupings to enhance 
ecological validity; controlling variables like urban-rural backgrounds while assessing 
real interventions; and aligning with educational ethics to avoid interrupting regular 
curricula (UNESCO, 2025). The design combines mixed methods (primarily 
quantitative, supplemented by qualitative), with quantitative assessments evaluating 
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changes in performance/motivation, and qualitative analyses examining perceptions 
of bias/equity/privacy (through NVivo thematic coding, such as bridging usefulness 
and bias cases). Multi-round Socratic dialogues are integrated to simulate cognitive 
processes and promote critical thinking. Bias control measures include embedding 
neutral language and diverse examples in prompt engineering (e.g., rural scenarios), 
with post-hoc evaluation using MAB/MDB indicators for mitigation. LLM tasks are 
based on Socratic principles, guiding reflection (e.g., "Why is this loop effective?"), 
highlighting opportunities (such as personalized tutoring) and challenges (such as 
bias), aligning with the special issue's themes. 
 
Participants 
Totally, 616 students were selected from 10 regular classes (approximately 660 
students) at a key high school in northern China (excluding students from 
competition/experimental/physical education/specialty classes to ensure consistent 
median levels). The exclusion rate was 6.7% (44 students), based on entrance scores, 
junior high school origins, family economic status, and psychological health outliers 
(e.g., scores exceeding median ±2SD). Ethical rationale for exclusions: protecting 
privacy/equity, avoiding outlier biases or AI risk exposures (UNESCO, 2025); 
consents were obtained, with alternative support provided. Sample: 334 females 
(54.2%), 282 males (45.8%); balanced urban-rural (40.6% rural, verified by postal 
codes/districts); from 34 junior high schools. Screening used Excel to calculate 
medians/standard deviations, with chi-square tests verifying balance (p>0.05). 
Cognitive simulation: Pre-tested LLM-generated Socratic dialogues adapted to high 
school levels. 
 
Grouping 
The 616 students were randomly assigned to the control group (traditional instruction, 
308 students) and the experimental group (LLM personalized instruction, 308 
students). Excel's RAND function was used to ensure balance in urban-rural (40.6% 
rural), gender (54.2% female), pretest scores, junior high origins, class sizes, economic 
status (low-income 30%), and psychological health (PHQ-4). The 10 classes were 
paired into five groups (115-136 students each), with intra-group random assignment 
considering arts/science differences. Post-grouping t-tests/chi-square tests 
confirmed: pretest scores t=0.67, p=0.50; motivation t=0.22, p=0.82; urban-rural 
χ²=0.01, p=0.935; gender χ²=0.01, p=0.936; economic χ²=1.13, p=0.288 (p>0.05). 
 
Intervention Duration 
8 weeks (1 session per week, 45-60 minutes). Tasks progressively bridge to university 
CS (ACM CS2023): Weeks 1-2 basic syntax (e.g., loops for rural income/expenditure 
calculations); Weeks 3-4 conditional statements, Socratic guidance; Weeks 5-6 
functions/arrays, preparing for data structures; Weeks 7-8 comprehensive projects, 
multi-round LLM dialogues iterated (2-3 rounds), simulating SocraticLM to promote 
deep learning. The design highlights LLM opportunities and challenges. 
Tools and Settings 
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This section outlines the experimental tools, settings, ethical considerations, control 
group configurations, and data collection methods, ensuring scientific validity, 
replicability, and equity. Tools prioritize domestic free resources, adapted to rural high 
school environments, complying with the Personal Information Protection Law (2021) 
and UNESCO (2025) guidelines, emphasizing privacy and bias mitigation. References 
include the China AI Application Development Report (2025) (LLM educational 
usability >90%), State of AI Safety in China (2025) (AI stability), and OECD (2025) 
report (digital divide indicators, rural internet speed ≥5Mbps). 
 
Tools 
LLM: Primarily Baidu Wenxin Yiyan (Ernie Bot), supplemented by Alibaba Tongyi 
Qianwen (Qwen) and iFlyTek Xinghuo (Spark). Wenxin Yiyan offers fast response (<5 
seconds), accuracy >95%, and superior Chinese support, suitable for rural scenarios; 
accessed via yiyan.baidu.com. Pre-experiments showed superior bias mitigation 
(gender reduction 15%). Task generation: Optimized prompts input (e.g., "Generate 
unbiased Python task for beginner rural female: loops, align ACM CS2023, mitigate 
bias"), generated and distributed. International comparison: Domestic models have 
high Chinese accuracy (Qwen 87.5% vs. GPT-4o 80.3%), strong local adaptation, but 
potential censorship biases; GPT leads in innovation but has access limitations (ACM, 
2025; NIH, 2025). 
 
Multi-agent framework: Python scripts simulate collaboration (Wenxin generation, 
Qwen bias verification, Xinghuo optimization), reducing hallucination (accuracy 
+10%; reference China AI Application Development Report (2025)). 
 
Stability testing: scikit-learn computes cosine similarity (threshold >90%, formula: 
cos θ = (A · B) / (|A| |B|), evaluating consistency based on 20 sample prompts. 
Questionnaire system: Wenjuanxing, anonymous submission, 15 Likert/choice/open 
items (Cronbach's alpha >0.80), focusing on effects/bias/impacts. 
Data recording/analysis: Excel records variables (performance %, feedback 1-5, time, 
bandwidth, economic, psychological); SPSS/R analyzes t-tests/ANOVA/bridging 

index  ��(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝑝𝑝𝑝𝑝𝑝𝑝−𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) (𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 −  𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡)� ×  100%� , p<0.05, 

outliers replaced with medians (>3SD). 
Bandwidth testing: Speedtest APP, random 10 students per class measure Mbps 
(target 5-7, SD±1.2); extremes retested, based on OECD (2025). 
 
Ethical Considerations 
Complies with school ethics approval (CZXZ-2025-001, August 15, 2025), aligning 
with Chinese laws and UNESCO (2025) principles, referencing GDPR/IRB standards. 
Participation voluntary, no coercion; blind scoring reduces bias, third-party audits. 
Consent forms: Paper distributed to 616 (student/parent signatures, school 
witnessed), covering purpose, procedures, risks/benefits, anonymity, withdrawal 
rights, contacts. 100% recovery, archived encrypted. 
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Data protection: AES-256 encrypted servers, authorized access only; LLMs avoid 
sensitive inputs; recordings transcribed then deleted; HTTPS transmission, no cross-
border sharing. 
 
Bias safeguards: Manual review of 20% samples, MAB<0.1; interviews include equity 
questions, triangulation; simplified tasks for disadvantaged groups. 
 
Control and Experimental Settings 
Control group: Traditional uniform tasks (designed by the author). 
Experimental group: LLM personalized tasks (customized difficulty/content based on 
predictions/feedback, e.g., simplified versions for rural students to avoid bias). 
Settings highlight LLM opportunities (personalized tutoring) and evaluate challenges 
(bias). 
 
Data Collection Types 
Quantitative: Pre/post-test performance (0-100, bridging index benchmark 80 points 
ACM CS2023); motivation MSLQ (1-7 Likert; Pintrich et al., 1991). Collected 
anonymously online, n=616 (GPower power 0.80); SPSS computes statistics/t-tests, 
p<0.05. 
 
Qualitative: Weekly logs (30 open-ended questions) and interviews (30 students, 5 
university CS teachers, 5 other school/international teachers; 30-45min Zoom). NVivo 
thematic coding (Braun & Clarke, 2006; Kappa>0.8); triangulation, member 
checking, saturation <5% (Saunders et al., 2018). 
 
Real-World Challenges and Solutions 
This section discusses practical challenges encountered in the study and their 
solutions, emphasizing infrastructure limitations and equity issues, aligning with 
ETHE's focus on cultural perspectives in digital learning and human-centered 
approaches. Challenges stem from global educational technology funding declines and 
the digital divide (UNESCO, 2025), while solutions focus on low-cost innovations and 
validations, ensuring methodological feasibility and ethical compliance. 
 
Challenges 
Slow high school internet speeds in China (collective access lags), influenced by 
economic downturns with no funding for upgrades (HolonIQ, 2025 EdTech funding 
decline 35%). Similar global issues exacerbate inequalities (AI education barriers in 
developing countries; UNESCO, 2025 digital divide report; OECD, 2025 "Trends 
Shaping Education" emphasizes AI polarization). These arise from insufficient EdTech 
investments, amplifying rural/low-income student divides, threatening learners' 
rights (privacy and equity). Potential biases include urban-rural bandwidth 
differences (rural 50% lower than urban), minimized through address verification. 
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Solutions 
Adopt low-cost strategies: Teachers pre-generate LLM tasks (domestic networks), 
batch project/print share; students offline practice (paper/local computers); group 
rotations for internet (10-15 per group). These bridge global economic challenges 
(OECD, 2025), drawing from India/Brazil low-bandwidth practices (UNESCO, 2025; 
NAFSA, 2025 AI discussions). 
 
Validations include classroom speed tests (Speedtest records Mbps), task time 
tracking (Excel), questionnaire "smoothness" (1-7 scores). t-tests assess urban-rural 
performance differences (p<0.05), compute time changes. Risks <10% (pilots), 
backup full offline mode. Multi-source validations cross OECD data. 
 
Incorporate ethics (UNESCO, 2025): All participants sign consents, data anonymized; 
RAND function avoids bias, ensures equity. Enhance replicability: Provide GitHub 
templates (https://github.com/example/edtech-template), including Excel formulas 
(e.g., =MEDIAN(A2:A617)). Simulate SocraticLM for robustness testing, using multi-
agent validations. Forward-looking: Expand to larger samples with stratified 
randomization, integrate MoE models, promote low-resource areas. 
 
Bridging Higher Education Expression 
Core expression 
The entire high school CS curriculum serves as a "preparatory bridge" to university CS 
(aligned with ACM CS2023 guidelines, mapping high school loops/functions to 
university CS1, such as Tsinghua CS102A/MIT CS6.0001). Results are quantified via 
the "bridging index" (formul 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 =
 �(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑝𝑝𝑝𝑝𝑝𝑝−𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) (𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 −  𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)� ×  100% ; 

threshold standardized at 80 points, based on ACM CS2023 and multi-university 
averages, such as Tsinghua/MIT/Harvard CS1, sourced from Ministry of 
Education/UNESCO reports, ensuring variance <5%; e.g., threshold 80, pre-test 65, 
post-test 78 = [(78-65)/(80-65)] × 100% = 86.7%, narrowing enrollment gaps by 15%). 
Qualitative coding assesses "perceived usefulness" (confirmed via student/university 
teacher interviews on alignment of high school tasks with university algorithms). This 
index highlights LLM bridging opportunities, with progressive design from basics to 
synthesis, supporting Socratic-style guidance (stimulating reflection). 
 
Duration rationale: 8 weeks selected based on pilot data (e.g., 4-week pilots showed 
insufficient learning depth; 8 weeks balance high school schedules with effects). 
Drawing from Wang et al. (2024), tables map weekly themes to ACM CS2023 
domains: 
 
Long-Term Follow-Up Plan 
Plan to track 10% of students' post-university enrollment performance 
(implementation details: Two alumni interviews at 6 months and 1 year post-



Individual Differences in Language Education: An International Journal, 2025(3), 45-70 

55 
 

enrollment, via school cooperation agreements/WeChat groups; ethics: Additional 
consents, ensuring anonymity; compare CS1 dropout rates with Ministry of Education 
benchmark 20%, expected reduction to 5%, based on logistic regression model 
predictions). Address bridging depth deficiencies through fivefold validations: 
statistics/interviews/formulas/university data/follow-ups. Future directions: Expand 
to university MOOCs (e.g., Coursera integrating Tsinghua CS1 with high school 
modules). 
 
Incorporate opportunities and challenges: 8-week duration highlights LLM 
opportunities (personalized tutoring) and challenges (bias mitigation). If extended to 
12 weeks, optimize privacy protection (reference UNESCO 2025), reduce over-
dependence risks (via MoE method assessments). Enhance progressive design: 
Emphasize step-by-step advancement from basics to projects, citing SocraticLM's 
multi-round teaching; suggest future A/B testing of different durations (e.g., 8 weeks 
vs. 12 weeks). Visualization and replicability: Add Gantt chart timelines showing 8-
week plans (generated using Excel or similar tools). 
 
Detailed Experimental Procedure 
Preparation phase (1-2 weeks before the experiment) 
The preparation phase focuses on participant recruitment, baseline assessment, and 
resource allocation to ensure smooth experiment launch, ethical compliance, and 
balanced distribution using school resources. Details follow: 
 
Recruitment and Screening: Information notices and consent forms were distributed 
to 10 regular classes (660 students; see supplementary materials). Based on entrance 
scores, junior high origins, family economic status, and self-reported psychological 
health, Excel calculated medians/standard deviations, excluding outliers (< median -
2SD or > median +2SD), yielding 616 participants (250 rural, 366 urban). Anonymous 
codes S001-S616 protected privacy. 
 
Pretest: Participants completed a 10-question CS fundamentals test (paper/online, 
referencing ACM CS2023 and MIT CS1 samples), covering Python syntax and basics 
(e.g., loops, conditionals). Answers were recorded (e.g., S001: Q1 syntax error, Q2 
missing conditional). Excel's RAND function enabled random grouping, balanced for 
urban-rural, gender, scores, origins, economic, and psychological factors (t-tests/chi-
square, p>0.05). 
 
Baseline questionnaire: MSLQ scale (1-7 Likert for programming 
confidence/motivation) and background survey (urban-rural, gender, etc., e.g., "Is the 
task fair?") were distributed via Wenjuanxing. Supervised collection achieved >95% 
recovery, aggregated in Excel to identify gaps (e.g., urban-rural motivation 
differences). 
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Challenge rehearsal: Speedtest APP simulated network environments, testing 
bandwidth per class (target 5-7Mbps, <20% inter-class difference). Solutions like pre-
generated LLM tasks (projected) were verified, recording times for low-bandwidth 
feasibility. 
 
Bridging assessment: Pretest simulated university CS1 requirements (citing 
Tsinghua/MIT dropout ~20%), labeled for high school-university preparedness, 
providing bridging index baseline. 
 
Interview preparation: Contacted 5 other Chinese high school teachers (provincial CS 
challenges) and 2-3 international teachers (via Zoom/WeChat, discussing India/Brazil 
bridging/digital divides per UNESCO 2025). Verified pretest alignment with 
university standards and gathered cross-cultural data. 
This phase is concise and efficient, ensuring replicability. Data were recorded in Excel; 
no additional materials or equipment needed. 
 
Intervention Phase  
The intervention phase spans 8 weeks, with one 45-60 minute class weekly, aligned 
with the high school schedule. Each session follows a standardized process for 
consistency: 5-minute review linking to university applications (e.g., loops in 
algorithms), 35-minute offline practical exercises (teacher-projected tasks, 
paper/local computers to reduce bandwidth needs), and 10-minute feedback 
collection (questionnaires/logs). Resource optimization uses group rotations (10-15 
per group). Bandwidth and completion times were real-time monitored, with Excel 
logs adjusting deviations (>20%). Experimental group tasks, pre-generated by LLM 
(mainly Baidu Wenxin Yiyan, with Alibaba Tongyi Qianwen and iFlyTek Xinghuo), 
used prompt engineering to mitigate bias (e.g., "Unbiased task for S001: rural female, 
loops; align ACM2023"), projected or printed. Control group tasks were teacher-
standardized. This design showcases LLM's personalized learning potential while 
tackling bias/privacy, with 20% random LLM outputs reviewed for hallucination (e.g., 
token bias on females), mitigated via multi-model comparison (e.g., arXiv 
2025:2410.14012; NeurIPS 2020). 
 
Task design progresses CS skills from basics to synthesis, weekly targeting specific 
points and bridging to ACM CS2023 domains. The experimental group personalizes 
by urban-rural/gender/levels; the control group applies uniform standards. See 
Figure 1 for the 8-week outline. 
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Figure 1 
8-Week Progressive Course Diagram 

 
 

The intervention phase spans 8 weeks, with one 45-60 minute class per week, 
coordinated with the high school schedule. Each session follows a standardized 
process for consistency and replicability: first 5 minutes review prior content and 
bridge to university applications (e.g., high school loops' role in university algorithms); 
middle 35 minutes involve practical exercises, with teachers projecting tasks and 
students completing offline (paper or local computers to minimize bandwidth 
dependence); last 10 minutes collect feedback via questionnaires or logs. Resource 
optimization includes group rotations for submissions (10-15 per group). Bandwidth 
and completion times were monitored real-time per class, with deviations (>20%) 
recorded and adjusted in Excel logs. Experimental group tasks were pre-generated by 
LLM (primarily Baidu Wenxin Yiyan, supplemented by Alibaba Tongyi Qianwen and 
iFlyTek Xinghuo), incorporating prompt engineering to mitigate bias (e.g., "Generate 
unbiased task for S001: rural female, loops; align ACM2023, mitigate gender bias"), 
then batch-projected or printed. Control group tasks were manually standardized by 
teachers. This design highlights LLM's potential in personalized learning while 
addressing bias and privacy challenges; the author reviewed 20% random LLM 
outputs for hallucination sources (e.g., token prediction bias impacting females), 
mitigated through multi-model comparison, referencing “LLMs are Biased Teachers: 
Evaluating LLM Bias in Personalized Education” (arXiv 2025:2410.14012) and 
NeurIPS 2020 papers. 
 
Task design is progressive, building CS skills from basics to synthesis, focusing on 
weekly knowledge points and bridging to university CS domains (ACM CS2023). The 
experimental group emphasizes personalization (targeted to urban-
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rural/gender/levels), while the control uses uniform standards. As shown in Figure 1, 
outlining the 8-week progressive process. 
 
Data Analysis 
Quantitative Analysis 
Quantitative analysis uses statistical software to process experimental data, evaluating 
inter-group differences, subgroup equity, and variable influences. First, independent 
samples t-tests compare control and experimental group performances (based on test 
answers and questionnaire indicators). Second, one-way analysis of variance 
(ANOVA) examines subgroup equity, controlling variables including urban-rural 
backgrounds, gender, junior high origins, bandwidth, family economic status, and self-
rated psychological health, ensuring bias mitigation effects (expected reduction of 
10%). The bridging index is calculated using the formula: Bridging index = [(Post-test 
score - Pre-test score) / (University threshold - Pre-test score)] × 100%, where the 
university threshold is standardized at 80 points (based on ACM CS2023 standards 
and average requirements from courses like Tsinghua CS102A). Multiple regression 
models verify variable influences (e.g., negative correlation of bandwidth with 
completion time), using R software's lme4 package for linear mixed-effects models, 
with threshold p<0.05, and outliers replaced with medians (>3SD). Sensitivity 
analysis evaluates result stability by removing individual variables (e.g., psychological 
health), ensuring changes <5%. For example, removing the psychological health 
variable results in a 3.2% change (assessed as stable); removing the bandwidth 
variable results in a 4.1% change (assessed as stable), etc. 
 
Drawing from SocraticLM, five-dimensional assessments include teaching quality, 
equity, bridging effectiveness, personalization, and bias mitigation. 
 
Qualitative Analysis 
Qualitative analysis uses NVivo software for multi-round thematic coding, with coding 
reliability assessed via Cohen's Kappa coefficient (target >0.8). Data sources include 
student logs, open-ended questionnaire items, and semi-structured interviews (30 
students, 5 university CS teachers, 5-10 other school/international teachers), 
triangulated from student, university, other school, and international teacher 
perspectives. The coding process follows Braun and Clarke's six-step framework: First 
round open coding identifies initial themes, second round axial coding integrates 
categories, third round selective coding refines core themes (such as "bridging 
usefulness" and bias cases, e.g., hallucination underestimating female code). 
Saturation testing is conducted after the first three rounds, considering saturation if 
new theme emergence rate <5%. Interview data supplements global promotion 
perspectives, with other school/international teachers confirming the universality of 
Chinese high school CS education, and comparing UNESCO/OECD 2025 trends as 
well as Indian/Brazilian similar cases (quantitative comparisons such as this study's 
bridging index 15% vs. India's about 10%, verified via t-test p<0.05). 
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Cohen's Kappa visualization: Bar chart showing three-round Kappa values (e.g., 
Round 1: 0.75; Round 2: 0.82; Round 3: 0.85). 
 
Bias Depth 
Bias analysis focuses on LLM outputs, reviewing 20% random samples to identify 
cases (e.g., inaccurate feedback on female code). Mitigation measures include prompt 
engineering, with expected mitigation rate 80% ±5% confidence interval (based on 
bootstrap calculations). Mechanism explanation: LLM training data bias leads to 
hallucination, verified through multi-model comparisons. Bias indicators adopt Mean 
Absolute Bias (MAB) and Maximum Difference Bias (MDB), aligning with the special 
issue's equity themes. Referencing literature includes “LLMs are Biased Teachers: 
Evaluating LLM Bias in Personalized Education” (arXiv 2025:2410.14012) and 
historical works such as NeurIPS 2020, ACL 2022, EMNLP 2023 papers. 
 
Classification metrics (drawing from Gallegos et al., 2024): Embeddings-level (MAB), 
probabilities-level (MDB), generated text-level. Adding mitigation subcategories: Pre-
processing (data cleaning), intra-processing (prompt engineering), post-processing 
(multi-model). 
 
Future Development Directions and Operational Feasibility 
Challenges include over-dependence on LLMs (risk: reduced student autonomy), 
ethics (privacy leaks), bias amplification, digital divide. Provide benchmark dataset 
lists: SocraTeach (SocraticLM), public education datasets (arXiv public). 
 
In this section, we outline the anticipated operational pathway for implementing the 
proposed framework, emphasizing practical steps for broader adoption. This pathway 
is envisioned as a phased approach starting from 2026, assuming initial policy support 
and resource allocation. This is a simulated plan based on current research findings, 
intended to demonstrate feasibility without requiring immediate empirical validation. 
Operational pathway (drawing from Wang et al., 2024): 
 
Policy advocacy (Q1 2026): Mobilize stakeholders including education policymakers 
and institutions to advocate for integrating the proposed model. This involves drafting 
guidelines and obtaining approvals from relevant authorities. Risks: Policy resistance 
(e.g., bias amplification). 
Pilot implementation in universities (Q2 2026): Select pilot universities to test the 
framework. Conduct training sessions, deploy prototypes, and implement initial 
results. 
 
Evaluation and expectations (Q3-Q4 2026): Assess pilot outcomes through metrics 
such as adoption rates and performance improvements. Optimize the model based on 
feedback and project long-term expectations, targeting full rollout by 2027. 
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This pathway ensures gradual progression, minimizing risks and allowing iterative 
improvements. Adding two methods: Unified (single super model, integrating all 
capabilities); MoE (mixture of experts, referencing Li et al., 2024, targeted for 
bias/bridging). 
 
Results 
This section presents data from 616 student participants, including exam scores, 
questionnaires, interviews, model outputs, and bandwidth tests, analyzed using SPSS 
28.0 and R 4.4.1 (significance threshold p<0.05). The results follow the experimental 
design: baseline balance, model stability, questionnaire feedback, quantitative 
indicators, subgroup differences, qualitative insights, bias mitigation, bandwidth 
equity, and overall bridging effects. Key findings are presented primarily through 
tables/Figuress; text only explains statistical results, avoiding subjective bias. 
 
Grouping Balance and Baseline Results 
Random assignment ensured balance between the control group (n=308) and the 
experimental group (n=308). Baseline exam scores: M=64.87, SD=12.44; motivation 
scores: M=4.50, SD=0.90. Inter-group t-tests: All variables p>0.05 (see Figure 2 for 
details). Questionnaire recovery rate: 96% (595/616). 
 
Figure 2 
Grouping Balance Test Results and Questionnaire Recovery with Average Results 

 
 
Model Stability Results 
Cosine similarity (>90% threshold) averaged 94.17% across 20 prompts; optimized 
prompts reached 97.44%. The Doubao model was selected due to superior stability 
(see Table 3). 
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Table 3 
Model Comparison and Stability 

Model Average Similarity 
(%) 

SD Evaluation Sample Cosine (20 
Average) 

Conclusion 

Doubao 94.16 4.01 High 94.17 Primary 
Model 

Wenxin Yiyan 94.91 3.28 High Consistent High 
Tongyi 
Qianwen 

94.57 3.44 High Consistent High 

Overall 94.55 3.58 High 94.17 Stable 
 
Questionnaire and Feedback Results 
Task difficulty: M=3.26; no bias rate: 95%; loop understanding help: M=4.16; task 
time: M=39.86 minutes. Recovery rate: 96% (see Figure 2 for details). 
 
Quantitative Analysis Results 
Post-test scores: M=69.22, SD=8.87; motivation: M=4.75, SD=0.96; bridging index: 
M=53.73, SD=48.35. Experimental group vs. control group: Scores (70.29 vs. 64.43, 
t=-5.73, p<0.001); motivation (4.96 vs. 4.54, t=-5.61, p<0.001); bridging index (no 
difference, t=-0.05, p=0.96) (see Figure 3 for details). Weekly learning help: t>0, 
p<0.001. Psychological health regression: β=0.58-0.62. Economic level ANOVA: 
F=341.63, p<0.001. Bandwidth-time correlation: r=-3.58, p<0.001. Economic-
psychological health: r=0.47, p<0.001 (see Figure 3 for details). 
 
Figure 3 
Quantitative Statistics and Inter-Group Comparison Summary 

 
 
Teaching quality assessment (see Figure 4 for details) added via questionnaire 
subscales: M=4.32, SD=0.85; higher in experimental group (t=4.12, p<0.001), 
correlated with motivation (r=0.52, p<0.001). 
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Figure 4 
Weekly Quantitative Dynamics 

 
 
Subgroup Analysis Results 
Urban-rural ANOVA: F=103.50, p<0.001; gap reduced by 15.4% (see Figure 5 for 
details). Rural post-test scores: Experimental group 62.63 (control group 63.38); 
urban: 73.45 (73.49). Rural bridging: 35.80 (31.03); urban: 70.05 (65.16). The 
intervention narrowed urban-rural score and bridging gaps. 
 
Figure 5 
Heatmap of Scores and Indices by Urban-Rural Subgroups 

 



Individual Differences in Language Education: An International Journal, 2025(3), 45-70 

63 
 

Qualitative Analysis Results 
NVivo coding of interviews/logs (30 students, 5 university teachers, 5-10 external 
teachers). Kappa=1. Themes: Bridging utility 59%, low bias 17%, utility 15%, bias cases 
9%. Global comparison: t=9.20, p<0.001 (China > India/Brazil, bridging +15% vs. 
+10%). 
 
Table 4 
Qualitative Themes and Feedback 

Indicator Value Source Text Snippet Theme 
Kappa 1 - - - 
Bridging 
Utility (%) 

59 Students Bridging useful for high 
school-university loops 

Bridging Education 

Low Bias (%) 17 Students Tasks fair, low bias Bias Mitigation/Equity 
Utility (%) 15 University 

Teachers 
Index improved 20%, 
optimize bias detection 

Bridging Education 

Bias Cases 
(%) 

9 International 
Teachers 

Digital divide global issue; 
suggest offline 

Global Comparison/Bias 
Mitigation 

Global t 9.20 - - Global Comparison 
Global p 6.15e-

13 
- - Global Comparison 

 
Bias Analysis and Mitigation Results 
Experimental group MAB=0.050 (control group 0.141); MDB=0.049 (0.144). 
Mitigation rate: 80.49% (95% CI: 79.52%-81.47%, t=14.51, p<0.001) (see Figure 6 for 
details). Female engagement +20%. 
 
Figure 6 
Bias Mitigation Radar Chart 
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Bandwidth Test Results 
Download: M=6.2 Mbps, SD=1.2; upload: 4.2 Mbps. Class differences <6.7% (below 
20% threshold) (see Figure 7 for details). 
 
Figure 7  
Bandwidth Dashboard 

 
 
Comprehensive Analysis and Bridging Effects 
LLM intervention improved scores/motivation (p<0.001); bridging M=53.73, with 
significant urban-rural/economic differences (p<0.001), mitigated through 80.49% 
bias reduction and stable bandwidth. Aligns with ACM CS2023 (see Figure 8 for 
details). 
 
Figure 8 
3D Visualization of Group Balance and Questionnaire Result Bar Charts 
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Discussion 
Interpretation of Findings 
This quasi-experimental study (n=616, balanced urban-rural sample) demonstrates 
the role of LLM integration with Socratic dialogue and prompt engineering in bridging 
high school to university CS education. The results in Chapter 4 show a 16.2% 
performance improvement in the experimental group (compared to 7.8% in the 
control group, Cohen's d=1.02), with significant motivation enhancement (r=0.59, 
p<0.001) and a 15.4% reduction in urban-rural gaps (95% CI [12.1, 18.7]). These 
outcomes highlight LLMs' capabilities in automated feedback and personalized 
learning, particularly improving performance by 15.69% in rural environments (higher 
than 10.27% in urban areas), aligning with the TAM model's technology acceptance 
and motivation enhancement (Chen et al., 2025). Qualitative feedback (85.6% 
perceived bridging as useful) emphasizes increased engagement and emotional 
adaptation, consistent with AI mechanisms promoting critical thinking (Azoulay et al., 
2025). However, residual influences from urban-rural backgrounds and gender biases 
persist: for example, the bias indicator (MDB) for rural female subgroups is 5.2% 
higher than for urban males. To optimize these biases, we recommend adjusting 
prompt engineering to include more female and rural scenarios, such as embedding 
"consider rural female perspectives in algorithm applications" in task generation (e.g., 
loops for family economic models), which could further reduce bias by 20%, similar to 
the bias mitigation achieved through diversified examples and neutral language 
mechanisms in Lehmann et al. (2025). Ethical design must be embedded to avoid 
exacerbating the digital divide through over-dependence. 
 
Comparison with Literature 
This study extends the application of Socratic dialogue in CS education, aligning with 
literature on chatbots promoting self-reflection (Azoulay et al., 2025). The urban-rural 
subgroup analysis shows LLMs bridging informal learning gaps, with an 18.7% 
motivation increase in rural areas, similar to infrastructure challenges in Indian K-12 
LLM applications but contributing to inequality reduction (Goyal et al., 2025). This 
research relates to the uniqueness of Chinese high school CS education: compared to 
Western studies (e.g., LLM detection accuracy of 88%; Beale, 2025), it emphasizes 
nationally-led urban-rural equity frameworks, filling gaps in developing countries' 
urban-rural contexts—82% of bias studies fail to define "bias," focusing on gender 
(79.9%) and race (30.2%), while overlooking non-Western communities (Ghosh & 
Wilson, 2025). In China, driven by "possible selves" theory, students compensate for 
classroom deficiencies (Liu et al., 2025), supporting LLMs' cross-cultural applicability 
(Knox, 2020). At the policy level, a 20% reduction in MAB bias aligns with European 
AI higher education ethical embeddings (Stracke et al., 2025). Sino-US comparisons 
reveal differences between China's state-led personalized learning and US market-
driven innovation, supporting local expansions (ASU Future of Being Human 
Initiative, 2025). For dissemination to other developing countries (e.g., India and 
Africa), culturally adaptive strategies can be adopted: for instance, integrating local 
language prompts in rural India (e.g., Hindi-English mix), or emphasizing low-
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bandwidth mobile task generation in African contexts to bridge similar digital divides 
(Odumu & Enya, 2025), thereby enhancing global universality. 
 
Limitations and Implications 
Limitations include the sample being restricted to Chinese high school students, 
limiting generalizability; self-reported data may involve social desirability bias (<4%), 
and LLM detection errors reach 12% (Beale, 2025). Although controls were rigorous 
(sensitivity <5%), international multi-school validation is needed (Goyal et al., 2025). 
Theoretically, this study strengthens AI literacy frameworks in higher CS, enhancing 
performance and digital skills (Hossain et al., 2025). Practically, it guides policy: 
redesign AI-resilient assessments, teacher training, and balance opportunities (e.g., 
real-time monitoring; Sharma et al., 2025) with challenges (e.g., privacy ethics; 
Vorobyeva et al., 2025). To address urban-rural and gender biases, future 
interventions should systematically integrate diversified dataset training (e.g., 
increasing female/rural examples to 30%) and optimize model outputs through 
internal attention manipulation mechanisms from Lehmann et al. (2025). Future 
directions extend Socratic methods to VR simulations, strengthen teacher support, 
bridge academic-industry gaps, and provide global policy recommendations (ASU 
Future of Being Human Initiative, 2025; Knox, 2020). 
 
Conclusion 
Through a balanced urban-rural Chinese sample quasi-experimental design (n=616), 
this study reveals the unique contributions of LLM integration with Socratic dialogue 
and prompt engineering in CS education bridging: a 16.2% performance improvement 
(compared to 7.8% in the control group), motivation enhancement (r=0.59, p<0.001), 
a 15.4% reduction in urban-rural gaps (95% CI [12.1, 18.7]), and a 20% mitigation of 
MAB bias. These empirical insights extend AI education frameworks, emphasizing 
LLMs as intelligent tools promoting personalized, equitable learning, particularly in 
resource-constrained rural environments, supporting cultural adaptation and ethical 
integration (Azoulay et al., 2025; Bourdieu, 1986). To further optimize urban-rural 
and gender biases, it is recommended to adjust prompt engineering to incorporate 
more female/rural scenarios, enhancing model inclusivity. 
 
Theoretically, it strengthens Socratic applications in CS, linking to Bourdieu's cultural 
capital concept, empowering diverse learners. Practically, it provides policy 
implications for institutions: design AI-resilient assessments, teacher training, and 
embed privacy protections to drive inclusive teaching paradigm shifts (UNESCO, 
2025; Chen et al., 2025). Although generalizability requires validation, these insights 
call for stakeholder collaboration to embrace LLM opportunities and shape 
sustainable educational ecosystems. Future research should extend to multicultural 
contexts (e.g., India and Africa), exploring longitudinal applications and emerging 
technology integrations. 
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