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Importance of  
gene-environment interactions  

• A different effect of an environmental exposure 
on disease risk in subjects with different 
genotypes 

• A different effect of a genotype on disease risk in 
subjects with different environmental exposures 

• Gene-by-drug interactions 

• Gene-by-treatment interactions 

• While hereditary materials are inborn, 
environmental exposures can be changed 
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Three scales of G x E interaction analysis 

• SNP x E interaction analysis 

whether 𝑝 < 5 × 10−8 (0.05/1,000,000)  

• Gene x E interaction analysis 

whether 𝑝 < 2.5 × 10−6   (0.05/20,000) 

• GRS x E interaction analysis 

GRS: Genetic risk score 

whether 𝑝 < 0.05   (0.05/1) 
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Ahmad S et al., PLoS Genet 2013;9:e1003607. 
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European ancestry (78 %)  
Asians (10 %) 
Africans (2 %) 



97 BMI-associated SNPs 
Locke AE et al. Nature, 2015; 518(7538):197–206 (322,154 individuals 
of European descent and 17,072 individuals of non-European descent) 

6 

In Taiwan 
Biobank 

BMI Body fat % Waist 
circumfere
nce 

Hip 
circumfere
nce 

Waist-to-
hip ratio 

Number of 
SNPs with  
p < 5x10-8 

1 0 0 0 0 

Number of 
SNPs with  
p < 0.01 

20 12 14 15 5 

Number of 
SNPs with  
p < 0.05 

29 20 28 22 12 



External genome-wide association studies (GWASs) 
are not always available, especially for non-Caucasian 
ethnicity. 
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Open-assessed article:  https://academic.oup.com/bib/advance-
article/doi/10.1093/bib/bby086/5091280 

https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bby086/5091280
https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bby086/5091280
https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bby086/5091280
https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bby086/5091280


Genetic risk score (GRS) approach 

1. Pruning 

2. Filtering 

3. Testing 
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Lin W-Y, Chan C-C, Liu Y-L, Yang AC, Tsai S-J, Kuo P-H (2019) Performing different 
kinds of physical exercise differentially attenuates the genetic effects on obesity 
measures: Evidence from 18,424 Taiwan Biobank participants. PLoS Genet 15(8): 
e1008277. https://doi.org/10.1371/ 
journal.pgen.1008277 
Open-assessed article:  
https://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.1008277 

https://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.1008277


Genetic risk score (GRS) approach 

1. Pruning 

2. Filtering 

3. Testing 
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Pruning 

• SNPs in high linkage disequilibrium (LD) were 
first pruned to avoid multicollinearity 

• We used PLINK 1.9 command “plink --bfile 
TWBGWAS --chr 1-22 --indep 50 5 2” to prune 
SNPs in high LD 

• We removed SNPs with a variance inflation 
factor > 2 within a sliding window of size 50, 
where the sliding window was shifted at each 
step of 5 SNPs 

11 



Genetic risk score (GRS) approach 

1. Pruning 

2. Filtering 

3. Testing 
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Filtering 

𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀, 
 𝑖 = 1, ⋯ , 142040,  (1) 

 
where 𝑆𝑁𝑃𝑖 is the number of minor alleles at the ith SNP 
(0, 1, or 2) and 𝜀 is the error term. By testing 𝐻0:  𝛽𝑆𝑁𝑃,𝑖 =
0 𝑣𝑠. 𝐻1:  𝛽𝑆𝑁𝑃,𝑖 ≠ 0, we obtained a P-value regarding the 
marginal association of the ith SNP with BMI. 

Covariates included sex, age (in years), drinking status 
(yes vs. no), smoking status (yes vs. no), educational 
attainment (a value ranging from 1 to 7), and the first 10 
principal components.  
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𝐵𝑀𝐼 = 𝛽0 + 𝛽𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀, 

 𝑖 = 1, ⋯ , 142040,  (1) 

 
𝐵𝑀𝐼 = 𝛾0 + 𝛾𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖 + 𝛾𝐸𝐸 

+𝛾𝐼𝑛𝑡,𝑖𝑆𝑁𝑃𝑖 × 𝐸 + 𝜸𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀,   

     𝑖 = 1, ⋯ , 142040,   (2) 

𝛽 𝑆𝑁𝑃,𝑖 and 𝛾 𝐼𝑛𝑡,𝑖 are asymptotically independent 
under the null hypothesis of no SNP-by-
environment interaction (Dai et al. Biometrika, 2012;99(4):929-

44) 
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Dai et al. Biometrika, 2012;99(4):929-44 

𝑔 𝐸 𝑌 = 𝛽0 + 𝛽𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔                                                     (1) 
 
𝑔 𝐸 𝑌 =  𝛾0 + 𝛾𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖 + 𝜸𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝛾𝐸𝐸 + 𝛾𝐼𝑛𝑡,𝑖𝑆𝑁𝑃𝑖 × 𝐸         (2) 
 



Genetic risk score (GRS)  

Given a P-value threshold (a filter), the 142,040 
SNPs were allocated into a BMI-associated set 
and a BMI-unassociated set according to their 
marginal-association P-values. Suppose there 
were m SNPs associated with BMI, the BMI 
genetic risk score (BMIGRS) was calculated as 

 𝛽 𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖
𝑚
𝑖=1 , where the weights (𝛽 𝑆𝑁𝑃,𝑖 , 𝑖 =

1, ⋯ , 𝑚) had been estimated from model (1). 
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646,783 
autosomal SNPs 

587,526 
autosomal SNPs 

QC: Removing 51,293 SNPs with genotyping rate < 95%; 
6,095 SNPs with Hardy-Weinberg test P-values < 5.7 × 10−7; 
1,869 variants with minor allele frequencies (MAFs) < 1%. 

Pruning 

142,040 nearly 
independent SNPs 

Filtering 

BMI-associated 
SNPs 

BMIGRS 
 𝛽 𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖

𝑚

𝑖=1
 



Genetic risk score (GRS) approach 

1. Pruning 

2. Filtering 

3. Testing 

 

18 



Testing 

𝐵𝑀𝐼 =
𝛽0 + 𝛽𝐺𝑅𝑆𝐵𝑀𝐼𝐺𝑅𝑆 + 𝛽𝐸𝐸 + 𝛽𝐼𝑛𝑡𝐵𝑀𝐼𝐺𝑅𝑆 ×
𝐸 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀, 

   (3) 

where E is the environmental factor such as 
regular exercise (1 or 0). By testing 𝐻0:  𝛽𝐼𝑛𝑡 =
0 𝑣𝑠. 𝐻1:  𝛽𝐼𝑛𝑡 ≠ 0, we obtained a P-value 
regarding the interactions between BMIGRS and 
E. 
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646,783 
autosomal SNPs 

587,526 
autosomal SNPs 

QC: Removing 51,293 SNPs with genotyping rate < 95%; 
6,095 SNPs with Hardy-Weinberg test P-values < 5.7 × 10−7; 
1,869 variants with minor allele frequencies (MAFs) < 1%. 

Pruning 

142,040 nearly 
independent SNPs 

Filtering (how significant ???) 

BMI-associated 
SNPs 

BMIGRS 
 𝛽 𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖

𝑚

𝑖=1
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Previous G×E analyses have typically constructed a GRS using SNPs 
that reached the genome-wide significance level (i.e., p < 5×10−8).  



• However, some studies have suggested that a 
GRS comprising more SNPs can improve the 
prediction for a phenotype.  

• SNPs that interact with an environmental factor 
may not necessarily present a strong marginal 
association with the phenotype.  

• To explore G×E, it is worthwhile to consider a 
more liberal threshold than the genome-wide 
significance level (5×10−8). 
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P-value threshold No. of SNPs used to 
calculate the 

BMIGRS 

BMIGRS 

0.0001 24 BMIGRS1 

0.00025 66 BMIGRS2 

0.0005 116 BMIGRS3 

0.001 209 BMIGRS4 

0.0025 481 BMIGRS5 

0.005 870 BMIGRS6 

0.01 1,690 BMIGRS7 

0.025 4,047 BMIGRS8 

0.05 7,753 BMIGRS9 

0.1 15,206 BMIGRS10 



• 𝐵𝑀𝐼 = 𝛽0 + 𝛽𝐺𝑅𝑆𝐵𝑀𝐼𝐺𝑅𝑆1 + 𝛽𝐸𝐸 +
𝛽𝐼𝑛𝑡1

𝐵𝑀𝐼𝐺𝑅𝑆1 × 𝐸 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀, 

 By testing 𝐻0: 𝛽𝐼𝑛𝑡1
= 0 𝑣𝑠. 𝐻1: 𝛽𝐼𝑛𝑡1

≠ 0, we obtained 

𝑃𝐼𝑛𝑡1
 

• 𝐵𝑀𝐼 = 𝛽0 + 𝛽𝐺𝑅𝑆𝐵𝑀𝐼𝐺𝑅𝑆2 + 𝛽𝐸𝐸 +
𝛽𝐼𝑛𝑡2

𝐵𝑀𝐼𝐺𝑅𝑆2 × 𝐸 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀, 

 By testing 𝐻0: 𝛽𝐼𝑛𝑡2
= 0 𝑣𝑠. 𝐻1: 𝛽𝐼𝑛𝑡2

≠ 0, we obtained 

𝑃𝐼𝑛𝑡2
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…
…

.. 



 

 

 

• 𝐵𝑀𝐼 = 𝛽0 + 𝛽𝐺𝑅𝑆𝐵𝑀𝐼𝐺𝑅𝑆10 + 𝛽𝐸𝐸 +
𝛽𝐼𝑛𝑡10

𝐵𝑀𝐼𝐺𝑅𝑆10 × 𝐸 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀, 

 By testing 𝐻0: 𝛽𝐼𝑛𝑡10
= 0 𝑣𝑠. 𝐻1: 𝛽𝐼𝑛𝑡10

≠ 0, we 

obtained 𝑃𝐼𝑛𝑡10
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…
…

 
𝑃𝐼𝑛𝑡 = 10 × 𝑚𝑖𝑛 𝑃𝐼𝑛𝑡1

, 𝑃𝐼𝑛𝑡2
, ⋯ , 𝑃𝐼𝑛𝑡10

 

Bonferroni-corrected P-value 
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Lin W-Y, et al. (2019) PLoS Genet 15(8): e1008277. 
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Genetic effects in the non-exercise group 

Genetic effects in the 
exercise group 

Lin W-Y, et al. (2019) PLoS Genet 15(8): e1008277. 



Regression models  
stratified by exercise types 

• Why stratified analysis? It is a simpler way to view interactions. 

• Concept: If BMIGRS-by-exercise interaction exists, we will see 
different BMIGRS effects on BMI for subjects engaging in 
different exercise types. 

• 𝐵𝑀𝐼 = 𝛽0 + 𝛽𝐺𝑅𝑆𝐵𝑀𝐼𝐺𝑅𝑆9 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀 

• BMIGRS was calculated at the marginal-association P-value 
threshold of 0.05, because 0.05 is generally considered as the 
significance level in statistical analyses. 

• Covariates included sex, age (in years), drinking status (yes vs. no), 
smoking status (yes vs. no), educational attainment (a value ranging 
from 1 to 7), and the first 10 principal components.  
 

28 



29 

No exercise  10,764 

This is the figure at BMIGRS9 (P-value threshold = 0.05)  

Lin W-Y, et al. (2019) PLoS Genet 15(8): e1008277. 



When will the GRS 
method be less powerful? 

30 



𝐵𝑀𝐼 =
𝛽0 + 𝛽𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖 + 𝜷𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀, 
 𝑖 = 1, ⋯ , 142040,                                (1) 
 
 Note: If SNPs interacting with E present no marginal 
associations with the phenotype, these SNPs cannot 
be found from the filtering step and the GRS 
method will be less successful. 
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Recall our filtering step: 



Adaptive Combination of Bayes Factors 
(ADABF) Method 

𝑔 𝐸 𝑌 = 𝛾0 + 𝛾𝑆𝑁𝑃,𝑖𝑆𝑁𝑃𝑖 + 𝛾𝐸𝐸 

+𝛾𝐼𝑛𝑡,𝑖𝑆𝑁𝑃𝑖 × 𝐸 + 𝜸𝑪𝑪𝒐𝒗𝒂𝒓𝒊𝒂𝒕𝒆𝒔 + 𝜀,   

     𝑖 = 1, ⋯ , 142040,   (2) 

 
𝐻0: 𝛾𝐼𝑛𝑡,𝑖 = 0 𝑣𝑠. 𝐻1: 𝛾𝐼𝑛𝑡,𝑖 ≠ 0 
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H0 

P-value 

P-value carries no information from the alternative 
hypothesis and power, which varies with minor allele 
frequencies (MAFs). 

When H0 is true, the probability that 
the statistics would be greater than or 
equal to the observed results 
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H0 

P-value= 10-4 
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H0 H1 
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H0 H1 



Bayes factor 
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BF quantifies the ‘relative’ evidence in favor of H1.  
 

H0                    H1                     
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95% of true 𝛾s range from  
-0.4 to 0.4 (2 x standard deviation) 
 
95% of true ORs range from  
exp(-0.4) = 0.67 to exp(0.4) = 1.49 
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Significance score 

Will be powerful if only 
one SNP interacts with E 

Will be powerful if two 
SNPs interact with E 

Will be powerful if all L 
SNPs interact with E 



ADABF 

• The significance scores will be compared with 
their counterparts from resampling replicates 
(under H0) 

• The R source code can be downloaded from 
http://homepage.ntu.edu.tw/~linwy/ADABFG
EPoly.html 
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http://homepage.ntu.edu.tw/~linwy/ADABFGEPoly.html
http://homepage.ntu.edu.tw/~linwy/ADABFGEPoly.html
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Lin W-Y, et al. (2018). Briefings in Bioinformatics, in press. 
DOI: 10.1093/bib/bby086. 

HYP: DBP > 80 mmHg or SBP > 130 mmHg 

https://doi.org/10.1093/bib/bby086
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Lin W-Y, et al. (2018). Briefings in Bioinformatics, in press. 
DOI: 10.1093/bib/bby086. 

https://doi.org/10.1093/bib/bby086
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10,000 simulation replications, 
when SNPs interacting with E present 
no marginal associations with the 
binary phenotype 

Lin W-Y, et al. (2018). Briefings in Bioinformatics, in press. 
DOI: 10.1093/bib/bby086. 

GRS method with 10 P-value thresholds 

GRS method with the Bonferroni correction 

Three levels of 
interaction effect 
sizes were evaluated 

https://doi.org/10.1093/bib/bby086


Summary 

• In the absence of external GWAS results 

 

GRS method (powerful if SNPs interacting 
with E also present marginal associations 
with the phenotype) 

 

ADABF method 
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Open-assessed article:  Lin W-Y, Huang C-C, Liu Y-L, Tsai S-J, Kuo P-H 
(2019). Genome-wide gene-environment interaction analysis using set-
based association tests. Frontiers in Genetics, 9, Article 715. 

The R source code can be downloaded from 
http://homepage.ntu.edu.tw/~linwy/ADABFGE.html 

ADABF also serves as a powerful gene-based GxE method 

https://www.frontiersin.org/articles/10.3389/fgene.2018.00715/full?&utm_source=Email_to_authors_&utm_medium=Email&utm_content=T1_11.5e1_author&utm_campaign=Email_publication&field=&journalName=Frontiers_in_Genetics&id=426406
https://www.frontiersin.org/articles/10.3389/fgene.2018.00715/full?&utm_source=Email_to_authors_&utm_medium=Email&utm_content=T1_11.5e1_author&utm_campaign=Email_publication&field=&journalName=Frontiers_in_Genetics&id=426406
https://www.frontiersin.org/articles/10.3389/fgene.2018.00715/full?&utm_source=Email_to_authors_&utm_medium=Email&utm_content=T1_11.5e1_author&utm_campaign=Email_publication&field=&journalName=Frontiers_in_Genetics&id=426406
https://www.frontiersin.org/articles/10.3389/fgene.2018.00715/full?&utm_source=Email_to_authors_&utm_medium=Email&utm_content=T1_11.5e1_author&utm_campaign=Email_publication&field=&journalName=Frontiers_in_Genetics&id=426406
https://www.frontiersin.org/articles/10.3389/fgene.2018.00715/full?&utm_source=Email_to_authors_&utm_medium=Email&utm_content=T1_11.5e1_author&utm_campaign=Email_publication&field=&journalName=Frontiers_in_Genetics&id=426406
https://www.frontiersin.org/articles/10.3389/fgene.2018.00715/full?&utm_source=Email_to_authors_&utm_medium=Email&utm_content=T1_11.5e1_author&utm_campaign=Email_publication&field=&journalName=Frontiers_in_Genetics&id=426406
https://www.frontiersin.org/articles/10.3389/fgene.2018.00715/full?&utm_source=Email_to_authors_&utm_medium=Email&utm_content=T1_11.5e1_author&utm_campaign=Email_publication&field=&journalName=Frontiers_in_Genetics&id=426406
http://homepage.ntu.edu.tw/~linwy/ADABFGE.html


Thanks for your attention! 
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http://homepage.ntu.edu.tw/~linwy/ 
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