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Pre-Analysis Procedures for Multilevel Modeling
Multilevel modeling (MLMs; or hierarchical linear model) was deemed appropriate for this analytic sample. First, the stratified cluster random sampling procedure generated a data structure where 441 school-based practitioners were nested in 52 schools. Based on prior research, the OIC factors reported by respondents from the same organization would likely correlate with each other. This clustering effect will violate the assumption of independence, which will lead to misestimation in multiple regressions with ordinary least square (OLS; e.g., inflated or deflated Type-1 errors, 1). Second, MLMs can account for the influences from both organizational- and individual-levels. This multi-level model configuration fits well with the cross-level associations and interactions between the OIC factors (an organizational construct) and attitudes in this study (an individual-level construct). 
Before proceeding with formal analysis, we referred to multiple quantitative indicators to warrant the appropriateness of MLM in this sample [2]. First, the descriptive statistics largely supported the basic assumptions for MLMs (e.g., normality, range, and variability of key variables, Tables 1 through 3). The bivariate correlation matrix revealed significant correlations among OIC factors and the four dimensions of attitudes toward EBPs at both individual and organizational levels (Table 4). At the individual level, strategic leadership demonstrated the strongest correlations with the other OIC factors while general organizational climate had the weakest. The small to moderate correlation among the OIC factors (i.e., multicollinear) necessitates the level-specific centering technic as a remedy (see below). 
Between individual-level outcomes and predictors, Openness had the strongest correlations with OIC factors while Divergence had the weakest. We found similar patterns between outcomes and predictors at the organizational level. The similar correlation patterns at individual and organizational levels justified the appropriateness of the simultaneous entry of individual responses and organizational aggregates of OIC factors into the MLMs [3].
Level-Specific Centering Technics for Multicollinearity
Consistent with the organizational literature (4,5), there were weak to moderate correlations among organizational aggregates and individual ratings of general and strategic leadership and climate. Multicollinearity has complicated negative impacts on MLMs, such as misestimation of coefficients, standard errors, and p values, which in turn leads to inflated or deflated Type I errors [6]. Therefore, level-specific centering technics were applied to all predictors and covariates before entering the MLMs. All individual-level variables were group mean-centered (CWC; centering within clusters). The CWC can effectively control the confounding effect from the organizational level and minimize the ICCs of the predictors and covariates because the means of all the clusters are zero for all group mean centered variables [3] All organization-level variables were grand-mean centered (GMC). Besides remedying the multicollinearity issues among organization-level variables, the GMC served as a natural standardization of the model coefficients, so that the coefficient estimates can be directly interpreted as the effect size to compare the magnitudes of the main and interaction effects [7,8].  Of note, the level-specific centering technics were applied to all OIC factors before using them to create the interaction terms of general and strategic leadership or climate.
Outcome Selection
Considering the emphasis of the research questions, the Requirement, Openness, Appeal, and Divergence dimensions of EBPAS were used as separate outcomes for MLMs to delineate their differential associations with the OIC factors. We did not use the total score of EBPAS because of (a) the parsimony principle; (b) the significant overlap in the variance explained by Appeal and the total score [18], and (c) if the total score were included, no significant value would be added for interpretation or practical purposes beyond what was accounted for by the four dimensions of EBPAS.
Interpretation and Plotting of Interaction Effects
A significant interaction effect renders the main effects uninterpretable because the effect of one variable depends on the level of another variable. Hence, in this study, only the significant interaction effects were interpreted with simple slope plots of the marginal means of outcomes. For plotting, the continuous predictors were binned into categorical first. The continuous variables measuring the OIC factors conformed to a normal distribution. Thus, they were binned into 3-level categorical variables (Low = 0 to 33rd percentile, Medium = 34th percentile to 66th percentile, and High = 67th percentile to 100th). Then, the interaction effects were plotted with the general OIC factors as separate lines, strategic OIC factors as the X-axis, and outcomes as the Y-axis (Figures 1 and 2). 
Power Analysis
To determine the sample adequacy for MLM, we assessed the participants-parameter-ratio in each model configuration as well as the sample sizes at both levels [9,10]. First, the recommended sample size at each level is more than 25 times the number of parameters to be estimated at that level, with the minimal participants-parameter ratio being 10:1 [11]. Our most complex model configuration (i.e., the interaction MLMs) met this criterion. Second, the literature recommends emphasizing the sample size at the highest level, which is the foci of multilevel models (at least n = 30; 12). Our research questions focused on the cross-level associations and interaction between OIC factors (organizational-level) and attitudes (individual-level). Therefore, in this study, the sample size at the organization level is more important than that at the individual level. The statistical power for each level was calculated using Optimal Design version 3.01 [13]. Given the level-specific sample sizes (nindividual= 441, nschool = 52), an alpha level of .05, and estimates from the Null Models (ICC = .05, portion of level-2 variance explained by covariates = 49.4%), we would have sufficient power (>= .8) to detect a minimum detectable effect size (MDES) of at least 0.13 for a level-2 predictor and an MDES of at least 0.093 for a level-1 predictor.
Missing Data
The analytic sample contained primarily complete data across most variables with limited missingness in covariates only (average missingness across covariates < 1%). Therefore, we employed the listwise deletion with full information maximum likelihood estimation (FIML; 14). This decision was based on (a) the list-wise deletion method being less biased than pair-wise deletion; (b) the triviality of missing values (1%) only in covariates [15]; (c) FIML allows for unbiased estimates of standard errors under the assumption that the missing data are Missing at Random (MAR; 16, 17). 
Model Naming Convention
The numbers of models and equations follow a unified rule to facilitate navigation, reporting, and result interpretation. The first digit indicates the number of research questions, the second digit indicates the outcomes (1 = Requirement; 2 = Openness; 3 = Appeal; and 4 = Divergence), while the last digit indicates the focus of the model (0 = Null Model; 1 = Leadership Model; 2 = Climate Model). For instance, Model 1.2.2 is for RQ 1, with Openness as the outcome, and is a Climate Model. 
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