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Appendix C; Cheung and Chan’s (2014) Correction 

The method requires transforming effect sizes (gs) into Pearson correlations (rs). We thus use the 

formulas reported in Borenstein, Hedges, Higgins, and Rothstein (2009) to convert standardized 

mean differences into correlations and vice versa: 
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Then, the R code provided in Cheung and Chan (2014) calculates the effect sizes’ uncorrected 

variances (a function of r and N
1
) and corrected variances (   ). For all the details, see the codes 

reported in Cheung and Chan (2014). We then converted the corrected variances of the Pearson 

correlations into variances of standardized mean differences with the following formula (Borenstein 

et al., 2009): 
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Finally, the adjusted variances and the reconverted gs are employed to run a random-effect model. 

It is important to note that Cheung and Chan’s (2014) correction does not distinguish between 

totally or partially dependent effects. In almost all the cases, the primary studies report either totally 

dependent effect sizes––that is, different measures extracted from the same sample (i.e., 

experimental group vs. control group)––or effect sizes extracted from partially overlapping samples 

(e.g., comparing the experimental group with both an active and passive control groups). The 

models including only comparisons between the experimental groups and active controls do not 

                                                           
1
 Schmidt and Hunter (2015) reports a formula to adjust Ns to correct for the inflation of the sampling error variances 

due to the conversion of standardized mean differences into correlations. This bias is actually very small (Schmidt and 

Hunter, 2015; pp. 343-346), and thus we did not apply this correction. 
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suffer from this minor technical issue and thus serve as a further control for the reliability of the 

whole procedure. Finally, a few primary studies report effect sizes extracted from two independent 

samples (i.e., experimental 1 vs control 1 and experimental 2 vs control 2). We model these effect 

sizes as statistically dependent to reduce the weight of these studies in the analyses. The number of 

effect sizes in the first-order meta-analyses is thus equal to the number of studies. This more 

conservative approach is commonly employed in other meta-analytic techniques for modeling 

dependent effect sizes (e.g., Tanner-Smith & Tipton, 2014). (It is worth noting that other methods to 

model nested effect sizes [e.g., Konstantopoulos, 2011] are not ideal for our purposes because they 

do not allow the use of techniques for publication-bias correction.) 
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