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Comparison of weighting approaches for genetic risk scores in gene-environment interaction studies
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	Table S1: Simulated Predominant interaction effects (example data for N=3,000). Effect estimates (odds ratios; OR) and (raw) p-values for the marginal genetic effects (G), the environmental effects (E) and the interaction terms (GxE). Results from a single SNPs analysis.

	
	SNP
	MAF
	OR (G)
	p-value (G)
	OR (E)
	p-value (E)
	OR (GxE)
	p-value (GxE)

	6 risk SNPs
	SNP1
	0.35
	1.08
	0.234
	17.79
	<0.001
	3.56
	<0.001

	
	SNP2
	0.42
	1.07
	0.293
	17.79
	<0.001
	2.9
	<0.001

	
	SNP3
	0.37
	1.12
	0.076
	17.79
	<0.001
	4.51
	<0.001

	
	SNP4
	0.44
	1.28
	<0.001
	17.79
	<0.001
	2.62
	<0.001

	
	SNP5
	0.23
	1.15
	0.062
	17.79
	<0.001
	5.45
	<0.001

	
	SNP6
	0.09
	0.92
	0.398
	17.79
	<0.001
	2.8
	0.004

	6 noise SNPs
	SNP7
	0.16
	1.08
	0.348
	17.79
	<0.001
	1.59
	0.054

	
	SNP8
	0.26
	0.97
	0.656
	17.79
	<0.001
	0.93
	0.687

	
	SNP9
	0.37
	0.92
	0.198
	17.79
	<0.001
	0.8
	0.165

	
	SNP10
	0.48
	1.07
	0.271
	17.79
	<0.001
	1.18
	0.310

	
	SNP11
	0.03
	1.01
	0.971
	17.79
	<0.001
	0.88
	0.766

	
	SNP12
	0.09
	1.21
	0.087
	17.79
	<0.001
	1.42
	0.279



	Table S2: Simulated Predominant marginal genetic effects (example data for N=3,000). Effect estimates (odds ratios; OR) and (raw) p-values for the marginal genetic effects (G), the environmental effects (E) and the interaction terms (GxE). Results from a single SNPs analysis.

	
	SNP
	MAF
	OR (G)
	p-value (G)
	OR (E)
	p-value (E)
	OR (GxE)
	p-value (GxE)

	6 risk SNPs
	SNP1
	0.36
	1.54
	<0.001
	1.09
	<0.001
	1.01
	0.047

	
	SNP2
	0.43
	1.45
	<0.001
	1.09
	<0.001
	1.02
	0.001

	
	SNP3
	0.37
	1.47
	<0.001
	1.09
	<0.001
	1.02
	0.004

	
	SNP4
	0.43
	1.66
	<0.001
	1.09
	<0.001
	1.01
	0.101

	
	SNP5
	0.24
	1.24
	<0.001
	1.09
	<0.001
	1.03
	<0.001

	
	SNP6
	0.09
	1.08
	0.428
	1.09
	<0.001
	1.03
	0.004

	6 noise SNPs
	SNP7
	0.16
	0.96
	0.592
	1.09
	<0.001
	1.00
	0.546

	
	SNP8
	0.25
	1.13
	0.036
	1.09
	<0.001
	0.99
	0.200

	
	SNP9
	0.37
	1.03
	0.632
	1.09
	<0.001
	1.00
	0.851

	
	SNP10
	0.50
	1.11
	0.050
	1.09
	<0.001
	1.01
	0.013

	
	SNP11
	0.02
	1.11
	0.538
	1.09
	<0.001
	1.00
	0.846

	
	SNP12
	0.09
	1.01
	0.930
	1.09
	<0.001
	0.99
	0.492



Comparison of GRS approaches and lasso regression

Methods
The GRS approaches are further compared to a lasso logistic regression with interaction terms (equation (3) in the main text with ) applied to the whole study sample. Lockhart et al. recently proposed a test statistic based on lasso fitted values, called the covariance test statistic [1]. The covariance test statistic is constructed from the lasso solution path that can be computed by the LARS algorithm of Efron et al. [2]. The significance test for the lasso is implemented in the R package covTest [1]. Using this R package, p-values can be generated for the coefficients  of the interaction terms in equation (3) in the main text. 

The power of the model was calculated as average proportion of true-positive interactions that were correctly identified within the six risk SNPs (sign of the parameter estimate for the interaction term correctly identified and p-value<0.05) across 100 replications. The type I error of the model was calculated as the number of false-positive interactions that were identified within the noise SNPs in the scenarios with six risk SNPs that interact with the environmental factor  as well as under the null hypothesis (no interaction present) across 100 replications. We further evaluated the proportion of sign-misspecifications, which was calculated as the proportion of times a significant interaction was identified, but the sign of the parameter estimate for the interaction term was not correctly determined.

Results
We compared the GRS-interaction-training approach (balance training vs. test data 1:1) and the GRS-marginal-internal approach [3] to the results of the lasso regression in scenarios with (A) predominant interaction effects and (B) predominant marginal genetic effects with an increasing number of noise SNPs (up to 100). Over all scenarios, the lasso regression reached a lower power to detect interactions than the GRS-approaches (Figure S1, Additional file 1). Furthermore, the capacity of the lasso regression to differentiate between true and false positive SNPs was low in scenarios with a high number of noise SNPs (e.g. 100 noise SNPs and six risk SNPs; compare type I error in Figure S2, Additional file 1). Furthermore, in the presence of six risk SNPs with predominant interaction effects and a high number of noise SNPs, the number of false positives SNPs showed a large variation across the 100 replications, e.g. ranging from 0 to 53 in the presence of 100 noise SNPs. This variation is presented in the boxplots in Figure S2.
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Figure S1: GRS-approaches vs. lasso regression with increasing number of noise SNPs (up to 100). Power and sign-misspecifications comparison of i) the GRS-interaction-training approach (red lines; one half of the data used as training data and the other half as test data), ii) the GRS-marginal-internal approach (blue lines) and iii) lasso logistic regression (black solid lines).
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[bookmark: _GoBack]Figure S2: GRS-approaches vs. lasso regression with increasing number of noise SNPs (up to 100). Type I error comparison of i) the GRS-interaction-training approach (red lines; one half of the data used as training data and the other half as test data), ii) the GRS-marginal-internal approach (blue lines) and iii) lasso logistic regression (black boxplots). The type I error of the lasso regression was calculated as the number of false-positive interactions that were identified within the noise SNPs in the scenarios with six risk SNPs (first row, boxplots marked with “o”) as well as under the null hypothesis (no interaction present) (second row, boxplots marked with “x”) across100 replications.
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