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How to identify omitted-variables bias 

 

One of the toughest skills to develop is the ability to gauge whether there is any omitted-

variables bias.  This is important for both scrutinizing a model and also determining what 

variables to control for in a model, provided the variables are available (Section 6.5).   

 

There are three basic steps to determining whether there might be omitted-variables bias, two 

relatively-simple-and-straightforward steps and a more-difficult step.  Unfortunately, all of them 

are needed.  They are: 

(1) Determine factors of key X variable—This is the more straightforward step.  Think about 

what causes the key X variable to be high for some observations and low for others?  Or, 

for a dummy variable, what causes some observations to get the treatment (have a value 

of 1) vs. not get the treatment (0)?  From there, determine which of those factors could 

affect the outcome and are not controlled for in the model. 

(2) Determine the response of having low values of key X variable to other things.  Those 

without a treatment or with low values of the key X variable could be doing something 

else instead that could affect the dependent variable.  (This is tied to one of the issues 

involved in the supplement for BIG QUESTION X on having improper reference 

groups.) 

(3) Determine factors that are correlated with the key X variable—This is the more-difficult 

step.  Think about whether there are any other variables that are meaningfully correlated 

with the key X that are not included in the model and that affect the outcome. 

 

 

Examples of the first step 

 

Estimating how the state unemployment rate affects teenage marijuana use (with observations 

over a 10-year period).  The state unemployment rate is driven by state and year effects, as well 

as sector-specific growth or decline affecting states differently based on the composition of 

different sectors in their economy.  States and years certainly could have effects on the state 

teen-marijuana-use rate (beyond through their effects on the unemployment rate): teen marijuana 

use certainly has patterns over time, and we know that certain states (e.g., California) tend to 

have higher rates of teen marijuana use.  It’s less likely that sector-specific growth or decline 

would have impacts on teen marijuana use beyond its effect on the unemployment rate.  Thus, 

state and year would need to be controlled for to avoid omitted-variables analysis.  

 

Estimating how wine consumption affects health.  The factors that affect wine could include 

demographics, income, wealth, state, type of community (blue- vs. white-collar), and more.  All 

of these factors could potentially affect health.  Thus, without adequate controls for these factors, 

there would be omitted-variables bias. 



 

Let’s take the example from Section 6.4.2 on how oat-bran consumption affects cholesterol.  So, 

we need to think about what causes some people to have high vs. low consumption of oat bran.  

Perhaps, it is health consciousness and a dis-taste for the high-cholesterol breakfast of bacon-

and-eggs.  This means that health consciousness and consumption of bacon-and-eggs would need 

to be adequately controlled for to fully address omitted-variables bias.  But, fully capturing 

health consciousness would probably be quite difficult. 

 

  

Examples of the second step 

 

Back to the wine example, for those who do not drink wine, they might be more likely than 

others to drink beer and hard alcohol.  And, these two things have the potential to affect health.  

And so, any such study without controls for beer and hard-alcohol consumption might be subject 

to omitted-variables bias.  (One could make the argument that beer and hard-alcohol 

consumption are factors of wine consumption, in which case Step 1 might address this source of 

omitted-variables bias.) 

 

More generally, for anything in which those with low levels of a treatment (or no treatment) 

would be instead doing something else that could affect the dependent variable, there could be 

omitted-variables bias.   

 

In the case of estimating how wine affects health, even if there were random assignment to wine 

consumption, there could still be omitted-variables bias because those assigned to low wine 

consumption might drink more beer and hard alcohol (unless those were controlled for).   

 

 

Examples of the third step 

 

Let me critique one of my own studies.  In Arkes and Mehay (2013), we examined how the 

home-state unemployment rate affected the probability of a Navy enlisted Sailor attriting in their 

first term (i.e., leaving before his/her initial contract ended).  We used the average 

unemployment rate in particular windows of reenlistment (e.g., second year of service).  And, we 

controlled for year and state (based on the ideas from Step 1 above), as these are two factors that 

could affect the state unemployment rate.  One factor that could be correlated with the average 

state unemployment rate in the attrition window, which I realized after the fact, was the home-

state unemployment rate at the time of enlistment.  This could affect the probability of attrition, 

as the unemployment rate could affect the type of person who is enlisting.  For example, if a 

higher unemployment rate in one’s state is what encouraged someone to enter in the first place, 

they may have less attachment to the military and may be more likely to attrite. 

 

As stated above, this discussion speaks to the issue of what control variables should be included 

in a model (Section 6.5).  Quite simply, anything that could be a source of omitted-variables bias 

should be controlled for. 

 


