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Factors influencing consumers' intention to use cryptocurrency as a substitute for traditional currency: An empirical study
This file gives the formula behind every statistic reported in the manuscript, the decision threshold used, and where it is computed in the code (S4). All results can be reproduced either in SmartPLS 4 with the settings in S4_Code/SmartPLS4_settings.md or with the Python scripts.
1. Notation
	Symbol
	Meaning

	x_ik
	Standardised indicator i of construct k (mean 0, variance 1, population standard deviation)

	K_k
	Number of indicators of construct k (4 for every construct)

	w_ik, λ_ik
	Outer weight and outer loading of indicator i on construct k

	ξ_k
	Construct score of construct k (standardised)

	β_jk
	Path coefficient from construct j to construct k

	N
	Sample size (441)

	B
	Number of bootstrap subsamples (5,000)

	W
	Standardised moderator score (RA or VP)



2. PLS-SEM algorithm
Outer estimation (Mode A). Construct scores are weighted sums of their standardised indicators. In each iteration the outer weights are the covariances between each indicator and the inner proxy of its construct, and scores are rescaled to unit variance.
ξ_k = Σ_i w_ik x_ik,   w_ik = cov(x_ik, ξ̃_k),   var(ξ_k) = 1
Inner estimation (path weighting scheme). The inner proxy of construct k combines its neighbours: predecessors are weighted by the regression coefficients of k on them, successors by their correlations with k.
ξ̃_k = Σ_j e_jk ξ_j,   e_jk = β from regressing ξ_k on its predecessors (j → k), or cor(ξ_j, ξ_k) (k → j)
Convergence. Iteration stops when the largest absolute change in any outer weight is below 10⁻⁷, with a maximum of 3,000 iterations. Path coefficients are then ordinary least squares estimates from regressing each endogenous construct on its predecessors. Implemented in plspm.py (class Model).
3. Measurement model
Table S6.1. Reliability and validity
	Statistic
	Formula
	Threshold
	Code

	Outer loading
	λ_ik = cor(x_ik, ξ_k)
	≥ 0.708
	plspm.py

	Indicator reliability
	λ_ik²
	≥ 0.50
	03, Table 6

	Cronbach's α
	α = [K/(K − 1)] × [1 − Σ_i var(x_i) / var(Σ_i x_i)]
	0.70 to 0.95
	03, Table 6

	ρA (Dijkstra-Henseler)
	ρA = (ŵ′ŵ)² × [ŵ′(S − diag S)ŵ] / [ŵ′(ŵŵ′ − diag ŵŵ′)ŵ], ŵ = outer weights, S = indicator covariance matrix
	0.70 to 0.95
	03, rho_a()

	Composite reliability (ρc)
	ρc = (Σ_i λ_i)² / [(Σ_i λ_i)² + Σ_i (1 − λ_i²)]
	0.70 to 0.95
	03, Table 6

	Average variance extracted
	AVE = Σ_i λ_i² / K
	≥ 0.50
	03, Table 6

	Fornell-Larcker criterion
	√AVE_k > |cor(ξ_k, ξ_j)| for all j ≠ k
	Must hold
	03, Table 7

	Cross-loadings
	cor(x_ik, ξ_j) for every indicator and construct
	Highest on own construct
	03, cross-loadings sheet

	HTMT
	HTMT_kj = mean |r| between items of k and j ÷ √[(mean |r| within k) × (mean |r| within j)]
	< 0.85, and upper bound of the 95% one-sided bootstrap interval (97.5th percentile) < 0.85
	03, htmt()



4. Structural model
Table S6.2. Structural model statistics
	Statistic
	Formula
	Threshold
	Code

	Inner VIF
	VIF_j = 1 / (1 − R²_j), where R²_j comes from regressing predictor j on the other predictors of the same endogenous construct
	< 3 (ideal), < 5
	03, Table 9

	R² and adjusted R²
	R² = 1 − SSE/SST;   R²_adj = 1 − (1 − R²)(N − 1)/(N − p − 1), p = number of predictors
	0.25 weak, 0.50 moderate, 0.75 substantial
	03, Table 9

	Effect size f²
	f² = (R²_included − R²_excluded) / (1 − R²_included)
	0.02, 0.15, 0.35
	03, Table 9

	SRMR
	SRMR = √{ Σ_i≤j [(s_ij − σ̂_ij)²] / [p(p + 1)/2] }, s = observed and σ̂ = model-implied indicator correlations (saturated: all constructs correlate freely; estimated: implied by the path model)
	< 0.08
	03, srmr()

	Q²predict
	Q²predict = 1 − Σ(y − ŷ_PLS)² / Σ(y − ȳ_train)², computed on holdout folds
	> 0
	03, Table 14

	RMSE, MAE
	RMSE = √[mean(e²)];  MAE = mean|e|, e = holdout prediction error
	PLS-SEM error below LM benchmark for most indicators = medium to high predictive power
	03, Table 14



PLSpredict procedure. 10-fold cross-validation repeated 10 times (random seed 99). In each fold the model is estimated on the training data; holdout scores for the exogenous constructs use the training weights, endogenous construct scores are predicted from the training path coefficients, and indicator predictions are ŷ = mean_train + SD_train × λ × predicted construct score. The linear model (LM) benchmark regresses each indicator of attitude and intention on all indicators of the exogenous constructs.
5. Bootstrapping and significance
t = |θ̂| / SD(θ_1, …, θ_B),   p = 2 × [1 − F_t(t; B − 1)],   95% CI = [θ_(2.5%), θ_(97.5%)]
θ̂ is the full-sample estimate, θ*_b the estimate in bootstrap subsample b (N cases drawn with replacement), and F_t the cumulative t distribution with B − 1 degrees of freedom. A hypothesis is supported when p < .05 and the percentile interval excludes zero. Seeds: subsample r uses numpy default_rng(10000 + r), so any single subsample can be regenerated. Implemented in 03, stats_of() and one().
6. Mediation (H6a to H6d)
Indirect effect of belief X:  a × b,   a = β(X → ATT),  b = β(ATT → BI)
Total effect = a × b + c′,   VAF = (a × b) / (a × b + c′)
c′ is the direct path X → BI in the model that adds direct paths from the four beliefs to intention. Classification follows Zhao et al. (2010) and Nitzl et al. (2016): indirect significant and direct not significant = full (indirect-only) mediation; both significant with the same sign = complementary partial mediation. VAF is reported as a descriptive measure of the share of the total effect carried by attitude (below 20% none, 20% to 80% partial, above 80% full; Hair et al., 2022).
7. Moderation and moderated mediation (H7, H8)
Interaction terms (two-stage approach). Stage 1 estimates the main-effects model and saves the standardised construct scores. Stage 2 adds the product term as a single-indicator construct:
ATT×W = ξ_ATT × ξ_W  (standardised),   BI = β1 ATT + β2 W + β3 (ATT×W) + controls
Simple slope at W = w:   ∂BI/∂ATT = β1 + β3 w,   evaluated at w = −1 and +1 (SD)
Johnson-Neyman floodlight. The conditional effect β1 + β3 w and its 95% bootstrap percentile interval are computed for w from −3 to +3 SD in steps of 0.05; the significance region is the set of w for which the interval excludes zero, reported within the observed range of W.
Conditional indirect effect of X:  a × (β1 + β3 w);   index of moderated mediation = a × β3
The index is tested with the same 5,000 bootstrap subsamples; an interval that excludes zero shows that the indirect effect of X depends on W (Hayes, 2015).
8. Data screening, common method bias and robustness
Table S6.3. Other checks
	Check
	Formula or procedure
	Criterion
	Code

	Skewness
	g1 = m3 / m2^(3/2) (population moments)
	|g1| < 1
	02

	Excess kurtosis
	g2 = m4 / m2² − 3
	|g2| < 1
	02

	Nonresponse bias
	Independent-samples t-test (pooled variance) on composite means, first 25% versus last 25% of retained respondents by start date
	p > .05
	02

	Harman's single factor
	Unrotated principal component analysis of all 32 items; variance share of the first component = λ1 / 32
	< 50%
	02

	Full collinearity VIF
	Each construct score regressed on all other construct scores; VIF = 1 / (1 − R²)
	< 3.3
	02, Table 5

	Nonlinearity
	ATT² (square of the standardised ATT score) added as a predictor of BI; tested with the main bootstrap
	p > .05
	03, quadratic_beta()

	Content validity ratio
	CVR = (n_e − N/2) / (N/2), n_e = experts rating the item essential
	≥ .99 for N = 6 (Lawshe, 1975)
	S3e

	Speeding threshold
	0.40 × median completion time of completed questionnaires
	Below = excluded
	01



9. Minimum sample size
G∗Power (F test, linear multiple regression, fixed model). The required N is the smallest value for which the power of the F test with noncentrality λ = f² × N, numerator df = u (tested predictors) and denominator df = N − p − 1 reaches the target power at α = .05.
	Test
	f²
	u
	p (total predictors)
	Power
	Minimum N

	Overall model, intention
	0.15
	8
	8
	.95
	160

	Single interaction term
	0.02
	1
	8
	.80
	395



Inverse square root method (Kock & Hadaya, 2018).
N_min > (2.486 / |β_min|)² = (2.486 / 0.15)² = 274.7  →  275
Implemented in 04_sample_size.py (scipy noncentral F distribution), which reproduces the G∗Power 3.1 values.
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