
ECON 6620  Bootstrapping and Monte-Carlo Simulations Class Assignment 11 

 

Cheap computing power has led to the wide use of simulations in econometrics. We’ll take a 

quick look at two of these: Monte-Carlo studies and bootstrapped standard errors. 

Sometimes simulations are used to study the effects of different data structures or estimation 

methods. Typically the data used in such simulations are randomly generated in such a way that 

they contain the structure one wishes to examine. These simulations are called Monte-Carlo 

studies, and the sample programs given earlier in the semester—examining multicollinearity, 

omitted variable bias, autocorrelation, and endogeneity—are examples of typical Monte-Carlo 

simulations. The data are randomly generated and a model is formed with known coefficients. 

The coefficients and their standard errors are then estimated and stored. New data are randomly 

generated, and a new model is formed with the same coefficients as before, and the coefficients 

and standard errors are again estimated and stored. The process is repeated many times, perhaps 

thousands of times, giving a large set of estimated coefficients which can be compared with the 

“known” coefficients actually used to produce the model.  

 The mean value of the estimated coefficients should lie very near the values actually 

used to produce the model—if the mean is very different from the true value then the 

estimates are biased.  

 The standard deviation of the estimated coefficients is the same thing as the standard 

error of the estimated coefficient. One can compare the standard deviation of the 

collected estimated coefficients with the mean of the collected standard errors. If these 

are about the same, then one can say that the standard error estimate is unbiased. 

Sometimes simulation methods are used on an actual dataset, rather than on randomly generated 

data. The objective here is not to study abstract econometric problems, but to improve estimates 

in a particular applied study. There are several bootstrap methods, but one widely used 

technique simply creates a new dataset by randomly sampling—with replacement—from the 

original dataset, then estimating and storing the coefficients. The process is repeated many times, 

and the collected estimated coefficients are then examined. The standard deviation of these 

collected coefficients can be used as the standard error, or selected percentiles can be used as the 

bounds of a confidence interval. Bootstrap methods are particularly useful when one wishes to 

learn the distribution of a nonlinear combination of estimated coefficients, such as the long-run 

multiplier. 

Homework: 

1. Using the Monte-Carlo program for omitted variable bias and multicollinearity, 

demonstrate that omitted variable bias is more severe the more highly correlated the 

omitted variable with the included variables.  

2. Using the Monte-Carlo program for autocorrelation, demonstrate that the standard error 

is biased in the presence of autocorrelation, but that the estimated coefficient is unbiased.  

3. Using the Monte-Carlo program for endogeneity, demonstrate that the estimated 

coefficient is biased in the presence of endogeneity. Are all coefficients biased, or only 

that for the endogenous independent variable? Are the standard errors biased? 

4. Using the bootstrap standard error program below, calculate the standard error for the 

estimated coefficients for a copper demand function, in which the price of copper has 

been replaced by an instrumental variable.  



 
#--Bootstrapping (S:\TEFF\662\R\r11.R)-- 
rm(list=ls(all=TRUE)) 

#setwd("s:/TEFF/662/R/") 
setwd("d:/class/662/R/") 
library(foreign) 
library(AER) 
library(boot) 
sessionInfo() 
 
#--Copper market variables-- 
#PC   World price of copper 
#QC   World quantity of copper sold 
#PA    World price of Aluminum 
#Y   Income 
#X   World stocks of copper 
#YEAR  Time trend (proxies technological progress) 
 
uu<-read.dbf("s:/teff/662/R/cop.dbf") 
uu 
 
zD<-lm(QC~PC+Y+PA,data=uu) 

summary(zD) 
zS<-lm(QC~PC+X+YEAR,data=uu) 
summary(zS) 
 
#--Testing for endogeneity: Hausman test-- 
#--Regression on PC using only Exogenous regressors-- 
zP<-lm(PC~PA+X+Y+YEAR,data=uu) 
PCfit<-zP$fitted.values 
PCres<-zP$residuals 
 
#--Add PCres to RHS of Demand function model-- 
zDh<-lm(QC~PC+Y+PA+PCres,data=uu) 
#--Look at t-stat for PCres. H0: NO endogeneity-- 
summary(zDh) 
 
#--Correct for endogeneity by replacing PC with PCfit-- 
zDiv<-lm(QC~PCfit+Y+PA,data=uu) 
summary(zDiv) 
ivD<-ivreg(QC~PC+Y+PA|Y+PA+X+YEAR,data=uu) 
summary(ivD) 

 
zSiv<-lm(QC~PCfit+X+YEAR,data=uu) 
summary(zSiv) 
#--notice that ivreg gives same coefficients but different SEs-- 
ivS<-ivreg(QC~PC+X+YEAR|Y+PA+X+YEAR,data=uu) 
summary(ivS) 
pp<-names(coef(ivS)) 
 
#--Now try to get the SEs via bootstrap-- 
Scoef<-function(data,i){coef(lm(QC~PCfit+X+YEAR,data=data[i,]))} 
bs<-boot(uu,Scoef,2000) 
#--look at output-- 
bs 
names(bs) 
str(bs) 
bs$t0 
head(bs$t) 
tail(bs$t) 
#--recreate output-- 

se<-apply(bs$t,2,sd) 
names(se)<-pp 
mnbeta<-apply(bs$t,2,mean) 
names(mnbeta)<-pp 
t(rbind(bs$t0,mnbeta,se,(mnbeta-bs$t0))) 
bs 


