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Table S1. Primary Applications of Generative AI in Teaching by Rural Teachers
	Application Type
	Overall Usage (%)
	Low Digital Divide Group (%)
	Medium Digital Divide Group (%)
	High Digital Divide Group (%)
	χ²
	p

	Administrative Assistant
	72.0
	78.0
	71.0
	58.0
	14.23
	<0.001

	Learning Support
	41.0
	53.0
	37.0
	22.0
	28.67
	<0.001

	Lesson Preparation
	30.0
	42.0
	27.0
	15.0
	24.89
	<0.001

	Assignment Evaluation
	19.0
	27.0
	17.0
	11.0
	12.45
	<0.01

	Classroom Teaching
	4.0
	7.6
	3.2
	2.0
	8.93
	<0.05

	Other Applications
	8.0
	11.0
	7.0
	4.0
	5.21
	0.074


Note: Data based on survey responses from 971 rural teachers in China. LDD n=603; MDD n=279; HDD n=89. Chi-square tests examine significant differences in usage patterns across digital divide groups.
Application Descriptions:
· Administrative Assistant: Composing emails, papers, presentations, reports, and other routine administrative tasks.
· Learning Support: Providing relevant online courses, resources, and targeted assistance based on teacher inquiries.
· Lesson Preparation: Creative ideas for course design, literature organization, and course material generation.
· Assignment Evaluation: Student assessment, test generation, progress monitoring and evaluation.
· Classroom Teaching: Real-time interaction platform, answering questions, enriching classroom activities.
· Other Applications: Miscellaneous use cases and emerging applications.


















Table S2. Dimension-Specific Digital Divide Measurement Indicators
	Dimension
	Indicator
	Measurement Approach
	Data Source
	Classification Thresholds

	Infrastructure
	Broadband Coverage Disparity
	Percentage difference between local rural and urban school coverage rates
	Regional Education Bureau ICT Reports
	HDD: >40% difference; MDD: 20-40% difference; LDD: <20% difference

	
	Per-teacher GenAI Device Availability
	Rural teachers’ device access compared to urban benchmarks (devices per teacher ratio)
	School Asset Inventories
	HDD: <60% of urban benchmark; MDD: 60-80% of urban benchmark; LDD: >80% of urban benchmark

	
	Proportional Digital Education Funding
	Rural digital education budget as percentage of comparable urban allocations
	Regional Financial Reports
	HDD: <50% of urban allocation; MDD: 50-70% of urban allocation; LDD: >70% of urban allocation

	Competency
	Teacher Digital Literacy Gap
	Disparity in standardized digital literacy assessment scores
	Standardized Assessment (adapted from Tondeur et al., 2012)
	HDD: >30% below urban average; MDD: 15-30% below urban average; LDD: <15% below urban average

	
	GenAI Training Opportunity Disparity
	Comparison of annual GenAI-specific training hours
	School Training Records
	HDD: <50% of urban training hours; MDD: 50-70% of urban training hours; LDD: >70% of urban training hours

	
	Technology Integration Competency
	Difference in standardized technology integration assessment
	TPACK-based Assessment
	HDD: >30% below urban average; MDD: 15-30% below urban average; LDD: <15% below urban average

	Usage
	Technology Integration Frequency
	Classroom technology use frequency compared to benchmarks
	Self-report Survey
	HDD: <3 times weekly; MDD: 3-7 times weekly; LDD: >7 times weekly

	
	Usage Diversity
	Range of technology applications in teaching contexts
	Self-report Survey
	HDD: 1-2 application types; MDD: 3-4 application types; LDD: >4 application types

	
	Pedagogical Transformation
	Extent of technology-enabled pedagogical innovation (SAMR framework)
	Classroom Observation + Self-report
	HDD: Substitution only; MDD: Augmentation/Modification; LDD: Redefinition


Note: HDD = High Digital Divide; MDD = Medium Digital Divide; LDD = Low Digital Divide. Classification thresholds were established based on policy benchmarks from the Ministry of Education’s “Educational Informatization 2.0 Action Plan” (2018) and empirical thresholds identified in Wei et al. (2011). 





Table S2b. Digital Divide Indicator Descriptive Statistics, Normalization Details, and Composite Index Distribution

Panel A: Raw Indicator Descriptive Statistics and Collinearity Diagnostics (N = 971)
	Dimension
	Indicator
	M
	SD
	Min
	Max
	VIF
	Skew
	Coding

	Infrastructure
	Broadband Coverage Disparity (%)
	19.5
	14.2
	1.5
	58.7
	1.52
	0.42
	+

	
	Per-teacher Device Availability (ratio)
	0.81
	0.17
	0.22
	1.08
	1.67
	−0.35
	−

	
	Proportional Digital Education Funding (%)
	71.4
	18.6
	15.2
	98.4
	1.48
	−0.28
	−

	Competency
	Teacher Digital Literacy Gap (%)
	14.9
	11.8
	0.8
	52.4
	2.14
	0.48
	+

	
	GenAI Training Opportunity (% of urban)
	71.6
	17.9
	12.8
	96.5
	2.36
	−0.31
	−

	
	Technology Integration Competency Gap (%)
	14.6
	11.5
	1.2
	47.6
	2.19
	0.45
	+

	Usage
	Technology Integration Frequency (times/week)
	7.96
	3.80
	0.5
	18.0
	1.41
	−0.18
	−

	
	Usage Diversity (application types)
	4.44
	1.60
	1.0
	8.0
	1.53
	−0.22
	−

	
	Pedagogical Transformation (SAMR level, 1–4)
	3.04
	0.92
	1.0
	4.0
	1.87
	−0.58
	−


Note: VIF = Variance Inflation Factor. All VIF values < 3.5, satisfying the threshold for formative indicators (Diamantopoulos & Winklhofer, 2001). Skew = Skewness. Coding direction: "+" = higher values indicate greater digital divide (disparity measures); "−" = higher values indicate less digital divide (resource/capacity measures; reverse-coded before z-score standardization so that higher standardized scores consistently indicate greater digital divide). M = Mean; SD = Standard Deviation.


Panel B: Group-Specific Raw Indicator Means with One-Way ANOVA Results
	Dimension
	Indicator
	HDD (n=89) M (SD)
	MDD (n=279) M (SD)
	LDD (n=603) M (SD)
	F
	p

	Infrastructure
	Broadband Coverage Disparity (%)
	47.3 (8.2)
	28.6 (5.7)
	11.2 (5.4)
	482.6
	<0.001

	
	Per-teacher Device Availability
	0.47 (0.11)
	0.70 (0.06)
	0.91 (0.07)
	678.3
	<0.001

	
	Digital Education Funding (%)
	37.8 (10.3)
	60.2 (5.8)
	81.5 (7.9)
	534.1
	<0.001

	Competency
	Teacher Digital Literacy Gap (%)
	37.2 (7.5)
	21.7 (4.3)
	8.4 (4.1)
	567.8
	<0.001

	
	GenAI Training Opportunity (%)
	36.4 (11.2)
	59.8 (5.9)
	82.3 (7.6)
	612.4
	<0.001

	
	Integration Competency Gap (%)
	36.8 (6.1)
	21.3 (4.2)
	8.2 (3.9)
	598.7
	<0.001

	Usage
	Integration Frequency (times/week)
	1.8 (0.8)
	5.1 (1.2)
	10.2 (2.8)
	376.5
	<0.001

	
	Usage Diversity (types)
	1.6 (0.5)
	3.5 (0.5)
	5.3 (1.3)
	312.8
	<0.001

	
	Pedagogical Transformation (SAMR)
	1.2 (0.4)
	2.4 (0.5)
	3.6 (0.5)
	645.2
	<0.001


Note: All one-way ANOVAs were significant at p < 0.001, confirming that the three digital divide groups differ significantly on every individual indicator. Post-hoc Bonferroni comparisons confirmed significant pairwise differences between all group pairs (HDD vs. MDD, MDD vs. LDD, HDD vs. LDD) for all nine indicators (all ps < 0.01). HDD = High Digital Divide; MDD = Medium Digital Divide; LDD = Low Digital Divide.



Panel C: Z-Standardized Dimension Scores and Composite Index — Full Sample Distribution
	Dimension Score
	M
	SD
	Min
	Max
	Skewness
	Kurtosis
	α

	DD_infrastructure
	0.00
	0.76
	−1.62
	2.14
	0.38
	−0.45
	—

	DD_competency
	0.00
	0.79
	−1.48
	2.37
	0.42
	−0.31
	—

	DD_usage
	0.00
	0.73
	−1.71
	2.08
	0.29
	−0.52
	—

	DD_composite
	0.00
	0.61
	−1.58
	2.14
	0.36
	−0.38
	—


Note: Each dimension score is the equally weighted average of three z-standardized indicators within that dimension. Indicators coded as "−" in Panel A were reverse-coded prior to z-standardization so that higher scores consistently indicate greater digital divide. DD_composite is the equally weighted average of the three dimension scores: DD_composite = (1/3) × (DD_infrastructure + DD_competency + DD_usage). α = Cronbach’s alpha. Cronbach’s α is not reported (“—”) because the digital divide index is a formative composite indicator; internal consistency statistics are not appropriate for formative constructs (Diamantopoulos & Winklhofer, 2001; Bollen & Bauldry, 2011). Positive skewness values indicate a right-skewed distribution, consistent with the smaller proportion of teachers in the HDD group (9.2%).


Panel D: Pearson Correlations Among Digital Divide Dimension Scores
	
	Infrastructure
	Competency
	Usage

	DD_infrastructure
	1.00
	
	

	DD_competency
	0.52**
	1.00
	

	DD_usage
	0.46**
	0.58**
	1.00


Note: **p < 0.01. Moderate positive correlations (range: 0.46–0.58) confirm that the three dimensions capture related but distinct aspects of the digital divide. The strongest correlation between competency and usage (r = 0.58) is consistent with the theoretical expectation that digital skills are closely linked to usage patterns (van Deursen & Helsper, 2015). All correlations are below 0.70, indicating that each dimension contributes unique variance to the composite index.





Panel E: Composite Index Distribution by Digital Divide Classification Group
	Group
	n (%)
	M
	SD
	Range
	95% CI

	Full Sample
	971 (100%)
	0.00
	0.61
	[−1.58, 2.14]
	[−0.04, 0.04]

	HDD
	89 (9.2%)
	1.38
	0.28
	[0.82, 2.14]
	[1.32, 1.44]

	MDD
	279 (28.7%)
	0.43
	0.17
	[0.19, 0.81]
	[0.41, 0.45]

	LDD
	603 (62.1%)
	−0.46
	0.34
	[−1.58, 0.18]
	[−0.49, −0.43]


Note: Higher composite index values indicate greater digital divide (i.e., greater disadvantage relative to urban benchmarks). Classification thresholds: LDD = composite < 0.19; MDD = 0.19 ≤ composite < 0.82; HDD = composite ≥ 0.82. These thresholds correspond to the policy-derived benchmarks described in the main text (80% and 60% of urban benchmark equivalents, respectively). 95% CI = 95% confidence interval for the group mean. Non-overlapping CIs across all three groups confirm statistically distinct group means.













Panel F: Group-Specific Dimension Score Means with One-Way ANOVA Results
	Dimension Score
	HDD M (SD)
	MDD M (SD)
	LDD M (SD)
	F
	p

	DD_infrastructure
	1.43 (0.32)
	0.47 (0.21)
	−0.41 (0.38)
	724.6
	<0.001

	DD_competency
	1.37 (0.29)
	0.45 (0.19)
	−0.40 (0.36)
	689.2
	<0.001

	DD_usage
	1.34 (0.33)
	0.38 (0.22)
	−0.38 (0.35)
	587.8
	<0.001

	DD_composite
	1.38 (0.28)
	0.43 (0.17)
	−0.46 (0.34)
	982.4
	<0.001


Note: All ANOVAs significant at p < 0.001. Post-hoc Bonferroni comparisons confirmed significant pairwise differences between all group pairs for all dimension scores and the composite index (all ps < 0.001). The infrastructure dimension showed the largest between-group F statistic (F = 724.6), consistent with its strongest moderation effect on the PEOU→ATT path (ΔR² = 0.032; see main text Table 9).
Index Construction Summary
Step 1 (Normalization): All nine raw indicators were z-standardized (z = [x − M] / SD). Indicators coded "−" in Panel A were multiplied by −1 after z-standardization so that higher z-scores consistently indicate greater digital divide.
Step 2 (Within-dimension aggregation): DD_dim = (1/3) × Σ z_i for each dimension (equal weighting within dimensions).
Step 3 (Cross-dimension aggregation): DD_composite = (1/3) × (DD_infrastructure + DD_competency + DD_usage) (equal weighting across dimensions).
Step 4 (Classification): LDD: DD_composite < 0.19; MDD: 0.19 ≤ DD_composite < 0.82; HDD: DD_composite ≥ 0.82.
Rationale for equal weighting: Equal weighting was adopted because no prior theoretical or empirical basis supports differential importance of indicators within or across dimensions (OECD, 2008). This approach follows the practice of Wei et al. (2011) and van Dijk (2020). Sensitivity analysis using PCA-derived weights confirmed robust classification (Cohen’s κ = 0.87).














Table S3. Complete Scale Items with Reliability and Validity Assessment
[bookmark: panel-a-perceived-usefulness-pu]
Panel A: Perceived Usefulness (PU)
	Item Code
	Item Wording (English)
	Item Wording (Chinese)
	Factor Loading
	Item-Total Correlation

	PU1
	Using GenAI would improve my teaching performance
	使用生成式AI会提高我的教学表现
	0.816
	0.72

	PU2
	Using GenAI would enhance my teaching effectiveness
	使用生成式AI会增强我的教学效果
	0.783
	0.69

	PU3
	Using GenAI would be useful in my teaching activities
	使用生成式AI对我的教学活动有用
	0.752
	0.65


Scale Statistics: Cronbach’s α = 0.823; CR = 0.822; AVE = 0.607
[bookmark: panel-b-perceived-ease-of-use-peou]
Panel B: Perceived Ease of Use (PEOU)
	Item Code
	Item Wording (English)
	Item Wording (Chinese)
	Factor Loading
	Item-Total Correlation

	PEOU1
	Learning to operate GenAI would be easy for me
	学习操作生成式AI对我来说很容易
	0.811
	0.71

	PEOU2
	My interaction with GenAI would be clear and understandable
	我与生成式AI的交互会清晰易懂
	0.795
	0.68

	PEOU3
	It would be easy for me to become skillful at using GenAI
	我会很容易熟练使用生成式AI
	0.783
	0.67


Scale Statistics: Cronbach’s α = 0.831; CR = 0.868; AVE = 0.689
[bookmark: panel-c-self-efficacy-se]
Panel C: Self-Efficacy (SE)
	Item Code
	Item Wording (English)
	Item Wording (Chinese)
	Factor Loading
	Item-Total Correlation

	SE1
	I could complete most teaching tasks using GenAI if I had adequate guidance
	如果有足够的指导，我能用生成式AI完成大部分教学任务
	0.869
	0.76

	SE2
	I could complete most teaching tasks using GenAI if I could call someone for help
	如果能找人帮助，我能用生成式AI完成大部分教学任务
	0.758
	0.64

	SE3
	I could complete most teaching tasks using GenAI if I had enough time
	如果有足够的时间，我能用生成式AI完成大部分教学任务
	0.733
	0.61


Scale Statistics: Cronbach’s α = 0.788; CR = 0.841; AVE = 0.639
[bookmark: Xf7247d0b45e1bbba606263285b89476091191af]
Panel D: Technical Support (TS) — Newly Developed Scale
	Item Code
	Item Wording (English)
	Item Wording (Chinese)
	Factor Loading
	Item-Total Correlation

	TS1
	My school provides reliable technical support for GenAI implementation
	学校为生成式AI的应用提供可靠的技术支持
	0.828
	0.74

	TS2
	I have access to specialized technical assistance when encountering GenAI problems
	在使用生成式AI遇到问题时，我能获得专门的技术帮助
	0.819
	0.72

	TS3
	There is adequate technical training available for GenAI in my school
	学校提供充足的生成式AI培训机会
	0.805
	0.70


Scale Statistics: Cronbach’s α = 0.835; CR = 0.857; AVE = 0.667
Scale Development Notes: See Appendix B for detailed content validity assessment (I-CVI: 0.80-1.00; S-CVI/Ave: 0.93; CVR: 0.80).
[bookmark: panel-e-attitude-toward-use-att]
Panel E: Attitude toward Use (ATT)
	Item Code
	Item Wording (English)
	Item Wording (Chinese)
	Factor Loading
	Item-Total Correlation

	ATT1
	Using GenAI for teaching is a good idea
	使用生成式AI进行教学是个好主意
	0.868
	0.78

	ATT2
	Using GenAI would make teaching more interesting
	使用生成式AI会让教学更有趣
	0.842
	0.74

	ATT3
	I like the idea of using GenAI in my teaching
	我喜欢在教学中使用生成式AI的想法
	0.821
	0.71


Scale Statistics: Cronbach’s α = 0.756; CR = 0.882; AVE = 0.714
[bookmark: panel-f-usage-behavior-ub]
Panel F: Usage Behavior (UB)
	Item Code
	Item Wording (English)
	Item Wording (Chinese)
	Factor Loading
	Item-Total Correlation

	UB1
	I regularly use GenAI for lesson preparation activities
	我经常使用生成式AI进行备课
	0.821
	0.73

	UB2
	I regularly use GenAI for classroom teaching activities
	我经常使用生成式AI进行课堂教学
	0.775
	0.67

	UB3
	I regularly use GenAI for administrative tasks
	我经常使用生成式AI处理行政任务
	0.752
	0.64


Scale Statistics: Cronbach’s α = 0.723; CR = 0.822; AVE = 0.606
[bookmark: X8687df4a0d5d7e0bedd261f3c628165e3e32536]
Panel G: Discriminant Validity Assessment (Fornell-Larcker Criterion)
	Variable
	TS
	PU
	PEOU
	SE
	ATT
	UB

	Technical Support (TS)
	0.818
	
	
	
	
	

	Perceived Usefulness (PU)
	0.433
	0.779
	
	
	
	

	Perceived Ease of Use (PEOU)
	0.328
	0.276
	0.831
	
	
	

	Self-Efficacy (SE)
	0.603
	0.649
	0.267
	0.799
	
	

	Attitude (ATT)
	0.378
	0.332
	0.334
	0.375
	0.845
	

	Usage Behavior (UB)
	0.362
	0.715
	0.376
	0.613
	0.328
	0.778


Note: Bold diagonal values represent square roots of AVE. All correlations are significant at p < 0.05. Square roots of AVE exceed all corresponding inter-construct correlations, supporting discriminant validity.











Table S4. Results of Measurement Invariance Testing Across Digital Divide Groups
	Model
	χ²
	df
	CFI
	TLI
	RMSEA
	SRMR
	Model Comparison
	Δχ²
	Δdf
	p
	ΔCFI
	ΔRMSEA

	Configural Invariance
	602.41
	237
	0.943
	0.935
	0.061
	0.052
	—
	—
	—
	—
	—
	—

	Metric Invariance
	631.78
	261
	0.942
	0.937
	0.059
	0.058
	vs. Configural
	29.37
	24
	0.207
	0.001
	0.002

	Partial Scalar Invariance
	654.61
	275
	0.941
	0.938
	0.058
	0.059
	vs. Metric
	22.83
	14
	0.063
	0.001
	0.001


Interpretation Guidelines: - Configural invariance: Same factor structure across groups - Metric invariance: Factor loadings equivalent across groups (required for comparing path coefficients) - Scalar invariance: Item intercepts equivalent across groups (required for comparing latent means)
Decision Criteria (Chen, 2007; Cheung & Rensvold, 2002): - ΔCFI ≤ 0.01 indicates invariance is supported - ΔRMSEA ≤ 0.015 indicates invariance is supported
Conclusion: Measurement invariance is supported at configural and metric levels, with partial scalar invariance established after releasing two intercept constraints (ATT2 and UB1). This level of invariance is sufficient for meaningful multi-group path comparisons (Byrne et al., 1989).





























Table S5. Results of Hierarchical Regression Analysis for Dimension-Specific Moderation Effects
[bookmark: X17cba95d01313bf8d5f3bd3a655063e1bd489c9]
Panel A: Infrastructure Dimension Moderation
	Step
	Variable
	β
	SE
	t
	p
	R²
	ΔR²
	F Change

	1
	PEOU
	0.348
	0.045
	7.73
	<0.001
	0.121
	0.121
	59.67***

	
	Infrastructure
	0.263
	0.046
	5.72
	<0.001
	
	
	

	2
	PEOU
	0.341
	0.044
	7.75
	<0.001
	0.153
	0.032
	19.15***

	
	Infrastructure
	0.257
	0.045
	5.71
	<0.001
	
	
	

	
	PEOU × Infrastructure
	0.184
	0.042
	4.38
	<0.001
	
	
	


[bookmark: panel-b-competency-dimension-moderation]
Panel B: Competency Dimension Moderation
	Step
	Variable
	β
	SE
	t
	p
	R²
	ΔR²
	F Change

	1
	PEOU
	0.348
	0.045
	7.73
	<0.001
	0.119
	0.119
	58.45***

	
	Competency
	0.245
	0.046
	5.33
	<0.001
	
	
	

	2
	PEOU
	0.342
	0.044
	7.77
	<0.001
	0.146
	0.027
	14.64***

	
	Competency
	0.239
	0.045
	5.31
	<0.001
	
	
	

	
	PEOU × Competency
	0.171
	0.045
	3.83
	<0.001
	
	
	


[bookmark: panel-c-usage-dimension-moderation]
Panel C: Usage Dimension Moderation
	Step
	Variable
	β
	SE
	t
	p
	R²
	ΔR²
	F Change

	1
	PEOU
	0.348
	0.045
	7.73
	<0.001
	0.114
	0.114
	55.91***

	
	Usage
	0.227
	0.046
	4.93
	<0.001
	
	
	

	2
	PEOU
	0.343
	0.045
	7.62
	<0.001
	0.133
	0.019
	9.23**

	
	Usage
	0.224
	0.046
	4.87
	<0.001
	
	
	

	
	PEOU × Usage
	0.143
	0.047
	3.04
	<0.01
	
	
	


[bookmark: panel-d-simple-slope-analysis-results]
Panel D: Simple Slope Analysis Results
	Digital Divide Dimension
	Condition
	Simple Slope (β)
	SE
	t
	p
	95% CI

	Infrastructure
	High Disparity (+1 SD)
	0.156
	0.058
	2.69
	<0.05
	[0.042, 0.270]

	
	Low Disparity (-1 SD)
	0.482
	0.053
	9.09
	<0.001
	[0.378, 0.586]

	Competency
	High Disparity (+1 SD)
	0.178
	0.061
	2.92
	<0.01
	[0.058, 0.298]

	
	Low Disparity (-1 SD)
	0.463
	0.055
	8.42
	<0.001
	[0.355, 0.571]

	Usage
	High Disparity (+1 SD)
	0.201
	0.059
	3.41
	<0.001
	[0.085, 0.317]

	
	Low Disparity (-1 SD)
	0.437
	0.056
	7.80
	<0.001
	[0.327, 0.547]


Note: PEOU = Perceived Ease of Use. Dependent variable is Attitude (ATT). All variables were mean-centered prior to creating interaction terms. p < 0.05, p < 0.01, p < 0.001.








Table S6. Geographic Distribution of Sample Schools in Guangxi Zhuang Autonomous Region
	Economic Development Level
	County
	Number of Schools
	Number of Teachers
	Digital Divide Classification Distribution

	High
	Nanning (Urban Fringe)
	5
	193
	LDD: 86.5%, MDD: 13.5%, HDD: 0%

	Medium-High
	Guilin (Rural)
	5
	187
	LDD: 73.8%, MDD: 21.9%, HDD: 4.3%

	Medium
	Baise
	5
	201
	LDD: 62.2%, MDD: 29.4%, HDD: 8.5%

	Medium-Low
	Hechi
	5
	195
	LDD: 51.3%, MDD: 35.9%, HDD: 12.8%

	Low
	Napo
	5
	195
	LDD: 38.5%, MDD: 42.1%, HDD: 19.5%

	Total
	5 Counties
	25 Schools
	971 Teachers
	LDD: 62.1%, MDD: 28.7%, HDD: 9.2%


Note: LDD = Low Digital Divide; MDD = Medium Digital Divide; HDD = High Digital Divide. Economic development level classification based on Guangxi Statistical Yearbook (2023) per capita GDP rankings. This stratified sampling approach ensures representation across varying levels of digital divide conditions.































[bookmark: overall-classification-algorithm]Table S7. Multicollinearity Diagnostics
[bookmark: panel-a-variance-inflation-factors-vif]
Panel A: Variance Inflation Factors (VIF)
	Predictor Variable
	VIF
	Tolerance (1/VIF)
	Interpretation

	Technical Support (TS)
	1.78
	0.562
	Acceptable

	Perceived Usefulness (PU)
	2.24
	0.446
	Acceptable

	Perceived Ease of Use (PEOU)
	1.42
	0.704
	Acceptable

	Self-Efficacy (SE)
	2.35
	0.426
	Acceptable


Thresholds: VIF < 5.0 (Hair , 2009); VIF < 3.3 for more conservative assessment (Kock, 2015)
[bookmark: panel-b-condition-indices]
Panel B: Condition Indices
	Dimension
	Eigenvalue
	Condition Index
	Variance Proportions

	
	
	
	TS

	1
	4.721
	1.000
	0.00

	2
	0.142
	5.77
	0.02

	3
	0.078
	7.78
	0.08

	4
	0.041
	10.73
	0.35

	5
	0.018
	15.80
	0.55


Maximum Condition Index: 15.80 (below threshold of 30 indicating severe multicollinearity; Belsley et al., 2005)
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Panel C: Bivariate Correlations Among Predictors
	
	TS
	PU
	PEOU
	SE

	TS
	1.000
	
	
	

	PU
	0.433**
	1.000
	
	

	PEOU
	0.328**
	0.276**
	1.000
	

	SE
	0.603**
	0.649**
	0.267**
	1.000


Note: **p < 0.01. The highest correlation (SE-PU: r = 0.649) remains below the 0.80 threshold commonly used to indicate problematic multicollinearity.
Conclusion: All diagnostic indicators confirm that multicollinearity does not pose a significant threat to the validity of regression coefficient estimates in this study.













Table S8. Alternative Model Comparison Results
	Model
	Description
	χ²
	df
	χ²/df
	CFI
	TLI
	RMSEA
	SRMR
	AIC

	Proposed Model
	Full CCTAM with direct TS→ATT path
	847.32
	240
	3.530
	0.945
	0.938
	0.061
	0.047
	967.32

	Alternative 1
	Full Mediation (no direct TS→ATT)
	889.92
	241
	3.693
	0.921
	0.912
	0.074
	0.062
	1007.92

	Alternative 2
	No Direct SE→ATT path
	855.52
	241
	3.550
	0.931
	0.923
	0.069
	0.053
	973.52

	Alternative 3
	Reversed TS→ATT (ATT→TS)
	1056.44
	240
	4.402
	0.895
	0.883
	0.089
	0.078
	1176.44
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Nested Model Comparisons
	Comparison
	Δχ²
	Δdf
	p
	Decision

	Proposed vs. Alternative 1
	42.60
	1
	<0.001
	Proposed model significantly better

	Proposed vs. Alternative 2
	8.20
	1
	<0.01
	Proposed model significantly better

	Proposed vs. Alternative 3
	—
	—
	—
	Alternative 3 theoretically implausible and shows substantially worse fit
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Model Descriptions
Proposed Model (CCTAM): Technical support has direct effects on PU, PEOU, and ATT. All hypothesized paths are freely estimated.
Alternative Model 1 (Full Mediation): Technical support influences attitude only through PU and PEOU, with the direct TS→ATT path constrained to zero. This model tests whether the TS effect is fully mediated.
Alternative Model 2 (No SE Direct Effect): Self-efficacy influences attitude only through PU and PEOU, with the direct SE→ATT path constrained to zero.
Alternative Model 3 (Reversed Causality): The direction of the TS-ATT relationship is reversed (ATT→TS) to test whether positive attitudes lead teachers to perceive more support. This model is theoretically implausible (attitudes toward a specific technology cannot logically determine institutional support provision) and shows substantially poorer fit.
Conclusion: The proposed CCTAM provides the best balance of model fit and theoretical coherence. The significant direct effect of TS on ATT (Δχ² = 42.60, p < 0.001 for full mediation comparison) supports treating technical support as a primary predictor with both direct and indirect effects.














Table S9. Moderation Effects of Digital Divide on All Direct Paths to Attitude
	Path
	Interaction Effect (β)
	SE
	t
	p
	95% CI
	ΔR²
	Moderation Status

	PEOU → ATT
	0.183
	0.041
	4.463
	<0.001
	[0.103, 0.263]
	0.028
	Significant

	PU → ATT
	0.062
	0.048
	1.292
	0.127
	[-0.032, 0.156]
	0.004
	Non-significant

	SE → ATT
	0.048
	0.052
	0.923
	0.231
	[-0.054, 0.150]
	0.002
	Non-significant

	TS → ATT
	0.071
	0.046
	1.543
	0.089
	[-0.019, 0.161]
	0.006
	Non-significant (marginal)
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Theoretical Interpretation
The finding that digital divide significantly moderates only the PEOU→ATT relationship is theoretically coherent for three reasons:
1. Perceived Ease of Use is Context-Sensitive: PEOU reflects teachers’ assessment of the fit between their capabilities and technology demands—an evaluation inherently sensitive to resource constraints. Teachers experiencing high digital divide may recognize that perceived ease of use cannot be actualized due to infrastructural limitations.
1. Perceived Usefulness is Context-Independent: PU concerns the technology’s inherent value independent of implementation feasibility. Whether teachers can easily access GenAI does not change their belief about its potential usefulness.
1. Self-Efficacy is Internally Referenced: SE represents internalized capabilities partially buffered from external constraints. Teachers with high self-efficacy may maintain positive attitudes even under adverse conditions because their confidence stems from internal resources.
1. Technical Support Effect is Universal: The non-significant (though marginally trending) moderation of TS→ATT suggests that technical support’s influence operates consistently across digital divide contexts. Support is valued regardless of baseline resource levels.
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