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Instrumental variables: method & case study 



Use of IV methods 

To estimate the parameters in a system of linear simultaneous equations  

The observed data on prices and quantities we observed are determined by the 
intersection of these two curves—solve these two stochastic equations at the same 
time, then how to estimate the slope of supply and demand curves. 

The IV method, first laid out in Wright (1928), 
solves the statistical simultaneous equations 
problem by using variables that appear in one 
equation to shift this equation and trace out the 
other.  
 
The variables that do the shifting came to be 
known as instrumental variables.  



Use of IV methods (cont.) 

To solve the problem of measurement error 

If the regressor of interest is measured with random errors, then its coefficient will be biased 
toward zero.  Instrumental variables methods can be used to eliminate this sort of bias.  

Imagine the regressor contains only random error, then it will be uncorrelated with 
the dependent variable, and hence the regression of Yi on this variable will be zero.  

To solve the problem of omitted variable bias (OVB) 
Recall (check your lecture notes): 

In other words, the effect of inner ability on 
earnings will be absorbed by the coefficient of 
years of schooling. There is a bias!!! 

Y 
(earnings)  

X 
(years of schooling) 

ε 
(all factors other than X that 
determines Y, such as inner ability) 

(1) 

(2) 

So, the bias exists unless: 
①  The true coefficient equals zero, or  
②  The included and omitted variables are 

uncorrelated 



IV & Causality 

Ex: the causal link between schooling and wages 

Suppose the potential outcomes can be written 
 

Wi = β0 + β1 Si + vi 
 
As in earlier discussion, we imagine that there is a vector of control variables, Ai, called 
“ability,” that gives a selection-on-observables story: 
 

vi = A’i γ + εi 
 

For now , the variables Ai , are assumed to be the only reason why vi and Si are correlated. In 
other words, if  Ai were observed, we would be happy to include it in the regression of wages 
and schooling; thereby producing a long regression that can be written 
 

Wi = β0 + β1 Si + A’i γ + εi 
 

clean error term 

casual effect 

However, when A’i  is unobserved, how can we estimate the casual coefficient β1? 



IV & Causality (cont.) 
Ex: the causal link between schooling and wages (cont.) 
Instrumental variable methods can be used to accomplish this when the researcher has access 
to a variable, the instrument, which we will call Zi., that is  
 
 

 
 
Given the exclusion restriction, 
 
 
 
 
The coefficient of interest, β1, is the ratio of the population regression of  

correlated with the casual variable of interest, Si, 
but uncorrelated with any other determinants of the dependent variable.  

exclusion 
restriction 

Yi on Zi  (called the reduced form) 
Si on Zi  (called the first stage) 

Note that IV estimate is predicted on the notion that the first stage is not zero, but this is 
something you can check in the data. As a rule, if the first stage is only marginally significantly 
different from zero, the resulting IV estimates are unlikely to be informative.  



IV & Causality (cont.) 
Ex: the causal link between schooling and wages (cont.) 

Let’s recap the assumptions needed for the casual effect using IV methods: 
 
 
 

 
 
 
Where can you find an instrumental variable? 
Good instruments come form a combination of institutional knowledge and ideas about the 
processes determining the variable of interest. Here are some examples.  

①  the first stage: the instrument must have a clear effect on Si 
②  exclusion restriction: the only reason for the relationship between Yi and Zi is 

the first stage. 

The economic model of education suggests 
that schooling decisions are based on the 
costs and benefits of alternative choices. 
Thus, one possible source of instruments 
for schooling is differences in costs due to 
loan policies or other subsidies that vary 
independently of ability or earnings 
potential.  

A second source of variation in schooling is 
institutional constraints. A set of 
institutional constraints relevant for 
schooling is compulsory schooling laws. 
Angrist and Krueger (1991) exploit the 
variation induced by compulsory schooling 
in a paper that typifies the use of “nature 
experiments” to try to eliminate OVB.  



IV & Causality (cont.) 
Ex: Angrist and Krueger (1991) 

①  Most states require students to enter school in the calendar year in which they turn 
6. School start age is therefore a function of date of birth.  

②  The compulsory schooling laws typically require students to remain in school only 
until their 16th birthday.  

The starting point  

The combination of school start-age policies and compulsory schooling laws 
creates a natural experiment in which children are compelled to attend school 
for different lengths of time, depending on their birthdays.  

Angrist, JD, and Krueger AB, 1991. “Does compulsory school attendance affect schooling 
and earnings?” The Quarterly Journal of Economics, Vol. 106, No. 4, pp. 979-1014.   



IV & Causality (cont.) 
Ex: Angrist and Krueger (1991) (cont.) 

A graphical depiction of the first stage: 
the regression of the causal variable of 
interest on covariates and instruments.  

The right figure displays the education 
quarter-of-birth pattern for men in the 
1980 census who were born in the 
1930s.  

The figure clearly shows that men born 
earlier in the calendar year tended to 
have lower average schooling levels.  

The education quarter-of-birth pattern for men in the 
1980 census who were born in the 1930s.  



IV & Causality (cont.) 
Ex: Angrist and Krueger (1991) (cont.) 

A graphical depiction of the reduced form: 
the regression of the dependent variable on 
any covariates in the model and the 
instruments.  

Older cohorts tend to have higher 
earnings, because earnings rise with 
work experience.  

Men born in early quarters almost 
always earned less, on average, than 
those born later in the year.   

Average earnings by quarter of birth for the same 
sample that constructed previous figure.  



IV & Causality (cont.) 
Ex: Angrist and Krueger (1991) (cont.) 

Importantly, this reduced form relation parallels the quarter-of-birth pattern in 
schooling, suggesting the two patterns are closely related. 
 
Because an individual’s date of birth is probably unrelated to his or her innate ability, 
motivation, or family connections, it seems credible to assert that the only reason for 
the up-and–down quarter–of-birth pattern in earnings is the up-and-down quarter-of-
birth pattern in schooling.  

The critical assumption of the 
quarter-of-birth IV story  



IV & Causality (cont.) 
Ex: Angrist and Krueger (1991) (cont.) 

　 OLS 　 2SLS 
　 (1) (2) 　 (3) (4) (5) (6) 

Years of education 0.071 0.067 0.102 0.13 0.104 0.108 
(0.0004) (0.0004) (0.024) (0.020) (0.026) (0.020) 

Covariates 
year FE y y y 
state FE y y y 

Instruments 
QOB=1 y y y y 
QOB=2 y y 
QOB=3 　 　 　 　 y 　 y 

Overall, the 2SLS estimates are mostly a bit larger than the corresponding OLS 
estimates. This suggests that the observed association between schooling and 
earnings is not driven by omitted variables such as ability and family 
background.  



Case material 
John Cawley, and Chad Meyerhoefer 2012. “The medical care costs of obesity: An 
instrumental variables approach,” Journal of Health Economics, 31(1): 219-230. 

…has been top 3 most 
downloaded and cited articles of 
JHE for at least 2 years!  



Introduction 

Obesity 

Definition in U.S.: 
  body mass index (BMI) >30 
  = weight (kg) / ℎ𝑒𝑖𝑔ℎ𝑡↑2  ( 𝑚↑2 ) 

 
The prevalence of obesity has increased drastically in the past thirty years. 

Troubling!!
! 



Introduction (cont.) 

Obesity 

Myocardial infraction 
Stroke 
Type 2 diabetes 
Cancer 
Hypertension 
Osteoarthritis 
Asthma 
… 

Medicare costs 

strongly associated! 

However, 
Correlation                Causal effect  

 



Introduction (cont.) 

Limitation of previous study 

1.  Endogeneity 

Overestimate:  if some people became 
obese after suffering an injury or 
chronic depression, and have higher 
medical costs because of the injury or 
depression.  
Underestimate: if those with less 
access to care, such as disadvantaged 
minorities and the poor, are more likely 
to be obese.  

2.  Measurement errors  

Studies are usually based on self-
reported, rather than measured, 
height and weight, and this 
reporting error biases the 
coefficient estimates 



Introduction (cont.) 

This paper… 

This paper is the first to use the method of instrumental variables (IV) to 
estimate the impact of obesity on medical costs in order to address the 
endogeneity of weight and to reduce the bias from reporting error in 
weight. 

IV= the weight of a biological 
relative 

Results: the effect of obesity on medical care costs is much greater than 
previously appreciated.  

Data: 2000–2005 MEPS 

This paper does not estimate the medical care costs of obesity in order to 
argue that 
treatment of obesity should be prioritized above treatment of other conditions, 
but to more accurately measure the marginal effect of obesity on medical 
care costs. 



Empirical Model 

Identification: IV method 

First, it must be powerful. The weight of a biological relative is a powerful 
predictor 
of the weight of a respondent because roughly half the variation in weight 
across people is genetic in origin. 
Second, validity – the instrument must be uncorrelated with the error term in 
the second stage. However, validity would be threatened if both the 
respondent and the biological relative are affected by a common household 
environment that is also directly correlated with the respondent’s medical 
expenditures.  The paper argues that … 

Literature: much research in behavioral genetics finds no detectable effect of a 
shared household environment effect on weight. 

Falsification test: uses the weight of a stepchild (when available) 
instead of a biological child and find that the weight of a stepchild is 
not a significant predictor of respondent weight, which is consistent 
with our identifying assumption. 



Empirical Model (cont.) 

Two-part model of medical expenditures 

The first part of the 2PM estimates the probability of positive medical 
expenditures, while the second part estimates the amount of medical 
expenditures conditional on having any. We specify the first part as a Logit 
model and the second part as a Gamma GLM with log link. 



Results 

Summary statistics 

Among men, 79% incur some 
medical expenditures in the survey 
year. Among women, 88% incurred 
some medical expenditures. 

For both the men and women in our 
sample, the prevalence of obesity is 
28%. 



Results (cont.) 

Weight, obesity, and medical expenditures 

Subpopulations: men, women, white, 
nonwhite, with private insurance, with 
Medicaid, and the uninsured. 

Column 1: weighing an additional unit of BMI is associated with $49 higher 
annual 
expenditures for the pooled sample. 
Column 2 indicates that obesity (relative to having a BMI less than 30) is 
associated with $656 higher medical expenditures for the pooled sample 



Results (cont.) 

Weight, obesity, and medical expenditures 

A comparison between IV and non-IV results:   

Column 3 of Table 3 indicates that weighing an additional unit of BMI raises 
medical expenditures by $149 in the pooled sample. Column 4 indicates that 
obesity (relative to being non-obese) raises medical expenditures by $2741 for the 
pooled sample. 

The IV estimate of the effect of obesity on medical expenditures is more than four 
times higher than the non-IV estimate, for both the pooled sample and for women. 
In other words, relying on correlations (as in the previous literature) results in 
considerable underestimation of the impact of obesity on medical costs. 



Results (cont.) 

Weight, obesity, and medical expenditures (cont.) 

While the marginal effects reported in Tables 3 is informative, they predict the 
impact of changes in body weight near the , which can be misleading if the 
relationship between weight and medical expenditures is nonlinear. We illustrate 
the nonlinear relationship between predicted medical expenditures over the range 
of BMI, through the inclusion of BMI squared (in addition to BMI) in our IV 2PM.  

All adults 

Generally, expenditures have a J-shape over 
BMI; 
  

i.e. expenditures fall with BMI through the 
underweight and healthy weight categories, 
are relatively constant with BMI in the 
overweight category, then rise sharply with 
BMI through the obese category.  
 

The BMI value associated with minimum 
expenditures is roughly 25, the threshold for 
overweight. 



Results (cont.) 

Weight, obesity, and medical expenditures (cont.) 

Male
s 

Females 
For men, expenditures are U-shaped over 
BMI. Expenditures drop sharply with BMI 
through the healthy weight category, fall 
modestly with BMI in the overweight category, 
then rise slowly at first then sharply with BMI in 
the obese category. The BMI value associated 
with minimum expenditures for men is roughly 
30, but expenditures 
are quite similar for men with BMI in the range 
of 26–35. 

This J-shaped pattern of the full sample masks considerable differences across 
genders 

For females, expected expenditures are relatively 
constant for a wide range of BMI, roughly 15–25. 
As BMI rises beyond 25, however, expected 
expenditures rise through the overweight and 
obese categories, increasing rapidly at the high 
end of the obese range. 



Conclusions 

This paper is the first to use the method of instrumental variables (IV) 
to estimate the impact of obesity on medical costs in order to address 
the endogeneity of weight and to reduce the bias from reporting error 
in weight. 
 
Models are estimated using restricted-use data from the Medical 
Expenditure Panel Survey for 2000–2005. The IV model, which 
exploits genetic variation in weight as a natural experiment, yields 
estimates of the impact of obesity on medical costs that are 
considerably higher than the estimates reported in the previous 
literature. For example, obesity is associated with $656 higher annual 
medical care costs, but the IV results indicate that obesity raises 
annual medical costs by $2741 (in 2005 dollars).  
 
These results imply that the previous literature has underestimated 
the medical costs of obesity, resulting in underestimates of the 
economic rationale for government intervention to reduce obesity-
related externalities. 


