Nonparametric Estimates of Gene × Environment Interaction Using Local Structural Equation Modeling
Online Supplement


In this online supplement, we provide additional details about our methodological approach, model fit statistics, parameter estimates, and example scripts to carry out local structural equation modeling (LOSEM).

Methodological Approach


We used data from the Early Childhood Longitudinal Study – Birth Cohort (ECLS-B; Snow et al., 2009). This sample is nationally representative of children born in 2001 in the United States and includes families from a wide range of socioeconomic contexts. The twin subsample includes approximately 650 pairs of twins, of which approximately 150 are monozygotic pairs and 450 are dizygotic pairs.
 Zygosity was determined by physical similarity ratings made by trained interviewers. For all analyses, we used a socioeconomic status (SES) variable that was based on parental education, occupational prestige, and household income at the baseline wave. We used age 10 months Bayley mental development index, age 2 years Bayley mental development index, age 4 years math readiness, age 4 years reading readiness, kindergarten math achievement, and kindergarten reading achievement as indicators of cognitive ability. All cognitive measures are highly reliable and well-validated (see Snow et al., 2009 for full description). All variables were standardized prior to analysis.


To apply the LOSEM approach, we used a classical univariate twin model. This model decomposes variance in a phenotype into that which is due to additive genetic effects (A), shared environmental effects (C), and nonshared environmental effects (E) by using the known variation in genetic similarity across monozygotic and dizygotic twin pairs. This is accomplished by specifying that the variance in the observed phenotype is partitioned between three latent ACE factors created for each member of the twin pair. For monozygotic twins, the correlation between A factors is set to 1.0, and for dizygotic twins, the correlation between A factors is set to 0.5. This reflects the amount of shared segregating genetic material between siblings. Shared environmental factors are set to correlate at 1.0, by definition, and nonshared environmental factors are set to correlate at 0.0, by definition. Following this specification, the pathways from the latent ACE factors to the phenotype can be used to infer genetic and environmental influences. This model acts as the baseline model for the LOSEM approach. Then, models are fit to the data at different target levels of the moderator (SES) to produce smoothed estimates of genetic and environment influences.


The parametric model (Purcell, 2002) builds on this baseline model to explicitly include the moderator (SES) in the model. The main effect of the moderator on the phenotype is controlled. Then, the pathways from the latent ACE factors are constrained to be a linear function of the moderator (e.g., b + b'*SES) which produces quadratic variance components with respect to the moderator. To evaluate nonlinear variance component trends, a quadratic term can be included (e.g., b + b'*SES + b''*SES2) to produce quartic variance components with respect to the moderator. 


We applied these two approaches to test gene × environment interaction to each of the six cognitive phenotypes available in the ECLS-B dataset. 

Model Fit Statistics


Supplementary File S1 presents model fit statistics for all LOSEM models. All models fit the data well except for LOSEM models targeted at very high levels of SES for age 4 reading.

Parameter Estimates


Supplementary File S2 presents parameter estimates for all LOSEM models, and Table S1 presents parameter estimates for all parametric models. 
Example Scripts


Appendix S1 presents an example template file intended to be used with the MplusAutomation package. The template file is very similar to a standard input file, but includes a section specifying certain iterators to create multiple input files. Appendix S2 presents a similar script, but for generating input files to read permutated datafiles. Appendix S3 presents an example R script for using the MplusAutomation template files and creating an aggregated datafile with inferential tests. The general framework draws on similar examples found in vignettes associated with the MplusAutomation package. We encourage readers to explore this material to see the full functionality of the package. Appendix S4 presents an example R script for using OpenMx to perform the LOSEM approach. The analysis is accomplished by using a pre-written function (umxGxE_window) specifically designed to carry out the LOSEM procedure on twin data. All scripts assume a datafile with individual participant families represented as rows, and columns representing the variables for a unique identifier, zygo (zygosity; 1=MZ, 2=DZ), Y1 (standardized cognitive score for twin1), Y2 (standardized cognitive score for twin2), and zSES (standardized socioeconomic status). 
	Table S1. Parameter estimates from parametric models

	
	a
	a'
	a''
	c
	c'
	c''
	e
	e'
	e''
	SES
	SES2

	Age 10 months Bayley
	.053 (.174)


	.062 (.142)


	
	.887 (.030)

***
	-.025 (.029)
	
	.453 (.017)

***
	-.018 (.021)
	
	.030 (.037)
	

	Age 2 years Bayley
	.396 (.075)

***
	.193 (.055)

***
	
	.691 (.042)

***
	-.072 (.038)
	
	.468 (.023)

***
	-.023 (.020)
	
	.329 (.035)

***
	

	Age 4 years Math
	.438 (.055)

***
	.164 (.043)

***
	
	.631 (.042)

***
	-.035 (.038)


	
	.387 (.021)

***
	.032 (.019)
	
	.465 (.034)

***
	

	Age 4 years Read
	.284 (.081)

***
	.026 (.063)
	
	.717 (.035)

***
	.106 (.034)

**
	
	.402 (.022)

***
	.075 (.019)

***
	
	.441 (.033)

***
	

	K Math
	.531 (.052)

***
	-.013 (.046)
	
	.582 (.048)

***
	-.032 (.046)
	
	.382 (.023)

***
	-.024 (.019)
	
	.476 (.035)

***
	

	K Read
	.573 (.042)

***
	.011 (.039)
	
	.619 (.047)

***
	.059

(.046)
	
	.328 (.019)

***
	.008 (.015)
	
	.406 (.037)

***
	

	K Read nonlinear
	.678 (.054)

***
	.015 (.045)
	-.115 (.046)

*
	.608 (.064)

***
	.056 (.036)
	.008 (.031)
	.296 (.027)

***
	.003 (.018)
	.023 (.016)
	.405 (.034)

***
	-.004

(.029)



	Notes. Parameters not labeled with represent the baseline ACE effect. Parameters labeled with ' represent the interaction effect (× SES). Parameters labeled with '' represent the quadratic interaction effect (× SES2). Point estimates are presented with standard errors in parentheses.

* p < .05; ** p < .01; *** p < .001. 


Appendix S1 – Template File

[[init]] 

!This section defines varying iterators.

iterators = mod;
!Here, the iterator is a variable called mod.

mod = 100:500;
!Mod is a vector from 100 to 500.

filename = “[[mod]] SES for Age 1 Bayley.inp”
!Multiple files with unique names.

outputDirectory = “C:/Mplus_Automation/Age 1”;
!Target file pathway.

[[/init]]

TITLE: [[mod]] SES for Age 1 Bayley;
![[mod]] indicates each level of the iterator !will be used to create multiple input files.

DATA: FILE IS “C:/Mplus_Automation/data.dat”

DEFINE:

!Rescale a standardized SES variable to have -2 to +2 SES equal 100 to 500.

!The init section does not allow for other functions, such as seq().

!Add a positive constant larger than the smallest negative value.

!Multiply by 100 so that each iteration will increment .01 of the original scale.

ses100 = (zSES + 3) * 100;

!Specify the LOSEM weighting approach.

!bandwidth = 2*N^(-1/5)*SDmod

bw = 2*650^(-1/5)*100

!scaled distance = (moderator – target level of moderator)/bandwidth

zx = (ses100 – [[mod]])/bw; 

!Note the inclusion of [[mod]] specifies this will vary from 100 to 500.

!kernel weights = (1/(2pi)^.5)*exp(-scaled distance^2/2)

k = (1/(6.283185^.5))*exp((-(zx^2))/2);

!weight = k / .399.

w = k/.399;

VARIABLE:

NAMES ARE

ID

zygo

Y1

Y2

zSES;

MISSING ARE ALL (-9999);

USEVARIABLES ARE Y1 Y2 w; 
!Y1 and Y2 are standardized cognitive phenotypes.

WEIGHT = w;


!Weight based on target levels of SES.

GROUPING IS zygo (1=mz 2=dz);

CLUSTER = ID;

ANALYSIS:

MODEL = NOCOVARIANCES;

TYPE = COMPLEX;

MODEL:

!Standard univariate ACE model.

xA1 by x1*(lxa); xA1@1; [xA1@0];

xA2 by x2*(lxa); xA2@1; [xA2@0];

xC by x1*(lxc); xC@1; [xC@0];

xC by x2*(lxc);

xE1 by x1*(lxe); xE1@1; [xE1@0];

xE2 by x2*(lxe); xE2@1; [xE2@0];

x1@0;

x2@0;

[x1*](mx);

[x2*](mx);

MODEL MZ:

xA1 WITH xA2@1;

MODEL DZ:

xA1 WITH xA2@.5;

[xA1@0];

[xA2@0];

!The model constraint command can be used to calculate the variance components.

!This also facilitates the extraction of key parameters in the next step.
MODEL CONSTRAINT:

NEW(lla llc lle h2 c2 e2 mean);

lla = lxa;

llc = lxc;

lle = lxe;

h2 = lxa^2;

c2 = lxc^2;

e2 = lxe^2;

mean = mx;
!Save this file as “C:/Mplus_Automation/Age 1 Template File.inp”

Appendix S2 – Permutation Template File

[[init]] 


!This template file is nearly identical.

iterators = mod file;
!A new iterator has been added referencing the datafile.

mod = 100:500;

file = 1:99;


!99 permuted datafiles will be used for analysis.

filename = “[[mod]] SES for Age 1 Bayley in [[file]].inp”


outputDirectory = “C:/Mplus_Automation/Age 1/PERM”;
!Target file pathway.

[[/init]]

TITLE: [[mod]] SES for Age 1 Bayley in [[file]];


DATA: FILE IS “C:/Mplus_Automation/perm_[[file]].txt”

DEFINE:

ses100 = (zSES + 3) * 100;

bw = 2*650^(-1/5)*100

zx = (ses100 – [[mod]])/bw; 

k = (1/(6.283185^.5))*exp((-(zx^2))/2);

w = k/.399;

VARIABLE:

NAMES ARE

ID

zygo

Y1

Y2

zSES;

MISSING ARE ALL (-9999);

USEVARIABLES ARE Y1 Y2 w; 


WEIGHT = w;




GROUPING IS zygo (1=mz 2=dz);

CLUSTER = ID;

ANALYSIS:

MODEL = NOCOVARIANCES;

TYPE = COMPLEX;

MODEL:

!Standard univariate ACE model.

xA1 by x1*(lxa); xA1@1; [xA1@0];

xA2 by x2*(lxa); xA2@1; [xA2@0];

xC by x1*(lxc); xC@1; [xC@0];

xC by x2*(lxc);

xE1 by x1*(lxe); xE1@1; [xE1@0];

xE2 by x2*(lxe); xE2@1; [xE2@0];

x1@0;

x2@0;

[x1*](mx);

[x2*](mx);

MODEL MZ:

xA1 WITH xA2@1;

MODEL DZ:

xA1 WITH xA2@.5;

[xA1@0];

[xA2@0];

MODEL CONSTRAINT:

NEW(lla llc lle h2 c2 e2 mean);

lla = lxa;

llc = lxc;

lle = lxe;

h2 = lxa^2;

c2 = lxc^2;

e2 = lxe^2;

mean = mx;
!Save this file as “C:/Mplus_Automation/PERM Age 1 Template File.inp”

Appendix S3 – MplusAutomation R Script

#Load (or install) the MplusAutomation package

library(MplusAutomation)

#Create input files for each level of the moderator

createModels(“C:/Mplus_Automation/Age 1 Template File.inp”)

#Run all 401 input files. Ensure that the datafile is in the folder with the files.

runModels(“C:/Mplus_Automation/Age 1”) 

#Note, this location is referenced in template file as the outputDirectory for the #input files.

#Read model parameters

age1<-do.call(“rbind”,extractModelParameters(“C:/Mplus_Automation/Age 1”, dropDimensions=T))

#Reduce to desired parameters (e.g., the model constraint section).

r.age1<-age1[age1$paramHeader==”New.Additional.Parameters”,]

#Label the parameters with moderator levels.

r.age1$mod<-rep(seq(-2,2,.01), each=7)

#Load (or install) the reshape package.

library(reshape)

#Create long format file.

l.age1<- melt(r.age1, id.vars = c(‘mod’,’param’),measure.vars = c(‘est’,’se’,’est_se’,’pval’))

#Create wide format file.

widea1<-cast(longa1,mod~param+variable)

#Pull out model fit statistics.

fitage1<- extractModelSummaries(“C:/Mplus_Automation/Age 1”)

#These last two commands create datafiles that have 401 rows reflecting models for #each target level of the moderator. The columns reflect the different parameters, #standard errors, or fit statistics. These objects can easily be used to plot trends #in R or exported. Reduced versions of these files are presented as Supplementary File #1 for model fit statistics and Supplementary File 2 for parameter estimates.

#Permutation Test

#observed test statistics

var.obs.A<-var(widea1$A2_est)

var.obs.C<-var(widea1$C2_est)

var.obs.E<-var(widea1$E2_est)

#Create permutation datasets

data<-read.table(“data.dat”)

#Number of permutations

Np<-99

#Number of observations

N<-nrow(data)

for(i in 1:Np){

   eval(parse(text=paste0(‘perm_’,i,’<-sample(data$mod,N)’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘matrix_’,i,’<-matrix(nrow=N,ncol=5)’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘matrix_’,i,’<-cbind(data$ID,data$zygo,data$Y1,data$Y2,perm_’,i,’)’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘write.table(matrix_’,i,’,\”perm_’,i,’ .txt\",sep=\"\t\",row.names=F,col.names=F)')))

}

#Create permutation input scripts

createModels(“PERM Age 1 Template File.inp”)

#Run Models

runModels(“C:/Mplus_Automation/Age 1/PERM”,recursive=T)

#Read in permuted output

for(i in 1:Np){  

   eval(parse(text=paste0(‘p.age1_’,i,’do.call(“rbind”,    extractModelParameters(C:/Mplus_Automation/Age 1/PERM/’,i,’”,dropDimensions=T))’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘r.p.age1_’,i,’<-p.age1_’,i,’[p.age1_’,i,’$paramHeader== “New.Additional.Parameters”,]’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘r.p.age1_’,i,’$mod<-rep(seq(-2,2,.01),each=7)’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘l.p.age1_’,i,’<-melt(r.p.age1_’,i,’ id.vars = c(“mod”,”param”),measure.vars = c(“est”,”se”,”est_se”,”pval”))’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘w.p.age1_’,i,’<-cast(l.p.age1_’,i,’,mod~param+variable)’)))

}

for(i in 1:99){

   eval(parse(text=paste0(‘p.fitage1_’,i,’<-extractModelSummaries(“C:/Mplus_Automation/Age 1/PERM/’,i,’”)’)))

}

#Create distribution of test statistics based on permuted datasets

var.prm.A<-vector(“numeric”,Np)

var.prm.C<-vector(“numeric”,Np)

var.prm.E<-vector(“numeric”,Np)

for(i in 1:99){

   var.prm.A[i]<-eval(parse(text=paste0(‘var(w.p.age1_’,i,’$A2_est)’)))

}

for(i in 1:99){

   var.prm.C[i]<-eval(parse(text=paste0(‘var(w.p.age1_’,i,’$C2_est)’)))

}

for(i in 1:99){

   var.prm.E[i]<-eval(parse(text=paste0(‘var(w.p.age1_’,i,’$E2_est)’)))

}

#Calculate p-value

tot.var.A<-c(var.obs.A,var.prm.A)

tot.var.C<-c(var.obs.C,var.prm.C)

tot.var.E<-c(var.obs.E,var.prm.E)

p.value.A<-rank(-1*tot.var.A)[1]/100

p.value.C<-rank(-1*tot.var.C)[1]/100

p.value.E<-rank(-1*tot.var.E)[1]/100

Appendix S4 – R Script for OpenMx

#Load OpenMx 2.0

library(OpenMx)

#Install helper library for OpenMx (requires devtools to be installed)

if(library(“devtools”)){


install.packages(“devtools”) #install devtools


library(“devtools”)

}

if(library(“umx”)){


install_github(“tbates/umx”) #install umx


library(“umx”)

}

#Read data.

data<-read.csv(“C:/data.csv”, header = TRUE, sep=”,”,)

#Select dependent variables.

selDVs 
= c(“Y1”, “Y2”)

#Select moderator

moderator 
= “zSES” 

#Exclude participants that are missing on the moderator

data

= data[!is.na(data[,moderator]),]

#Subset MZ and DZ data

mzData 
=subset(data, ZYGO ==”1”,c(selDVs, moderator))

dzData

=subset(data, ZYGO ==”2”,c(selDVs, moderator))

#Define LOSEM increments

targets 
= seq(from = -2, to = 2, by =.01)

#Run and plot for specified windows

output<-umxGxE_window(selDVs = selDVs, moderator = moderator, mzData = mzData, dzData = dzData, specifiedTargets = targets)

#Permutation Test

#Observed tests statistics

var.obs.A<-var(output$A)

var.obs.C<-var(output$C)

var.obs.E<-var(output$E)

#Create permutation datasets

#Number of permutations

Np<-99

#Number of observations

N<-nrow(data)

for(i in 1:Np){

   eval(parse(text=paste0(‘perm_’,i,’<-sample(data$mod,N)’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘matrix_’,i,’<-matrix(nrow=N,ncol=5)’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘matrix_’,i,’<-cbind(data$ID,data$zygo,data$Y1,data$Y2,perm_’,i,’)’)))

}

#Subset MZ and DZ data

for(i in 1:Np){

   eval(parse(text=paste0(‘mzData_’,i,’<-subset(matrix_’,i,’,ZYGO==”1”,c(“Y1,”Y2,”zSES”))’)))

}

for(i in 1:Np){

   eval(parse(text=paste0(‘dzData_’,i,’<-subset(matrix_’,i,’,ZYGO==”2”,c(“Y1,”Y2,”zSES”))’)))

}

#Run LOSEM

for(i in 1:Np){

   eval(parse(text=paste0(‘output_’,i,’<-umxGxE_window(selDVs=SelDVs, moderator=zSES, mzData=mzData_’,i,’,dzData=dzData_’,i,’,target=targets)’)))

}

#Create distribution of test statistics based on permuted datasets

var.prm.A<-vector(“numeric”,Np)

var.prm.C<-vector(“numeric”,Np)

var.prm.E<-vector(“numeric”,Np)

for(i in 1:99){

   var.prm.A[i]<-eval(parse(text=paste0(‘var(output_’,i,’$A)’)))

}

for(i in 1:99){

   var.prm.C[i]<-eval(parse(text=paste0(‘var(output_’,i,’$C)’)))

}

for(i in 1:99){

   var.prm.E[i]<-eval(parse(text=paste0(‘var(output_’,i,’$E)’)))

}

#Calculate p-value

tot.var.A<-c(var.obs.A,var.prm.A)

tot.var.C<-c(var.obs.C,var.prm.C)

tot.var.E<-c(var.obs.E,var.prm.E)

p.value.A<-rank(-1*tot.var.A)[1]/100

p.value.C<-rank(-1*tot.var.C)[1]/100

p.value.E<-rank(-1*tot.var.E)[1]/100

� Sample sizes are rounded to the nearest 50 in compliance with ECLS-B data restrictions.





