
Appendix 1: Supplementary methods [posted as supplied by author] 

 

Statistical Analysis 

We employed two Mendelian randomization (MR) methods utilizing summary genetic 

data: an inverse-variance weighted (IVW) average of SNP-specific associations and a 

likelihood-based method1 2. Briefly, the IVW method is based on meta-analysis principles and 

estimates the association of the vitamin D multi-SNP score on cancer risk as a weighted average 

of the individual genetic associations, where the effect estimate and its standard error are given 

by the following equations: 
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where �	 is the per-allele estimate of the association between the ��� SNP on serum 25(OH)D 

concentrations, 
	 is the per-allele estimate of the ��� SNP on the log-odds ratio of cancer risk 

and ��
 is its corresponding standard error. The likelihood-based approach assumes a linear 

relationship between the risk factor and the outcome, the associations of which are jointly 

modeled under a bivariate normal distribution. Assuming a common causal effect for all 

genetic variants, maximum likelihood methodology is used to obtain the effect estimate of 

interest. An advantage of the likelihood-based approach over the IVW method is that it 

produces valid estimates even in situations where the G (gene)-X and G-Y associations are 

correlated (i.e. measured on same or overlapping samples) or when the G-X association is 

estimated imprecisely1. Analyses for the IVW method were performed in the statistical 

software R, while likelihood-based analyses were performed using a web-based software at 



http://spark.rstudio.com/sb452/summarized/1. The statistical analysis for pancreatic cancer and 

neuroblastoma were conducted using the MR-Base platform3 4. 

To secure the non-violation of the first assumption of MR, we only considered SNPs 

that had a genome-wide significant association with circulating 25(OH)D. Hence, all four SNPs 

were used as genetic instruments for testing the associations of continuous 25(OH)D 

concentrations, whereas fewer SNPs were used for vitamin D insufficiency at different 

thresholds based on the reported p-values in the GWAS5 6. 

To visualize the MR results, we plotted the per-allele associations for each SNP with 

cancer risk against the per-allele associations with circulating 25(OH)D. For the second 

assumption to hold, we expect that a SNP’s association with cancer needs to be proportional to 

its association with serum 25(OH)D, and therefore that the plotted points fall along a line that 

passes through the origin and has a slope equal to the MR estimate1. In the absence of causal 

effect, a slope of zero is expected, whereas a stronger causal association would correspond to 

a line with a steeper slope. 

To assess potential violation of the second assumption, a goodness-of-fit test was 

performed examining the null hypothesis that the association of each SNP with cancer risk is 

proportional to its association with 25(OH)D. To further assess potential violation of the second 

assumption due to directional horizontal pleiotropic SNP effects, we employed the MR-Egger 

regression method, which is an adaptation of the Egger regression in a meta-analysis7. The p-

value of the intercept is a valid test of directional horizontal pleiotropy, whereas the slope of 

the MR-Egger regression is the horizontal pleiotropy-adjusted causal effect estimate. We 

further used the weighted median method to diagnose and protect against invalid genetic 

instruments, as this approach can provide a consistent estimate of the causal effect even when 

up to 50% of the information contributing to the analysis comes from genetic variants that are 

invalid instruments8. To further evaluate the overall validity of MR, over-identification tests 



were performed to assess the null hypothesis that effect estimates from multiple genetic 

variants are identical9. If the estimates from multiple variants are similar and thus the over-

identification test does not reject them, this suggests that none are biased. In addition, we 

conducted two further MR analyses using two separate allelic scores: a vitamin D synthesis 

allele score formed by rs10741657 and rs12785878; and a metabolism allele score formed by 

rs2282679 and rs6013897. To assess potential violation of the third assumption, we evaluated 

whether the four vitamin D SNPs were genome-wide statistically significantly associated with 

any other phenotype except 25(OH)D concentrations in published GWAS10. Finally, we 

calculated statistical power to estimate the minimum detectable magnitudes of association for 

all cancers and their subtypes using the web-based tool at 

http://glimmer.rstudio.com/kn3in/mRnd/11.  
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