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What is omitted variable bias?

In the realm of statistical modeling and econometrics, accurately estimating the relationship
between variables is paramount. However, one of the most persistent threats to the validity of
these estimates is omitted variable bias (OVB). OVB arises when a critical, relevant explanatory

variable is excluded from a statistical regression model. When this occurs, the model fails to

properly account for the true underlying structure of the data, leading to skewed and unreliable
results.

This bias fundamentally corrupts the estimated coefficients of the variables that were included in
the model. Instead of capturing the pure, isolated effect of an included variable on the outcome, the
estimated coefficient absorbs the influence of the missing, correlated variable. Understanding the
origins, requirements, and consequences of OVB is essential for any researcher aiming to produce
robust and trustworthy statistical conclusions.

The Mechanics of Omitted Variable Bias

Formally, omitted variable bias describes the situation where the expected value of the estimator of

a parameter does not equal the true parameter value. This is typically caused by failing to include a
relevant explanatory variable in the specification of a multiple regression model. The core outcome

is that the resulting estimates for the included variables are systematically skewed, meaning they
are either overstated (positively biased) or understated (negatively biased) relative to their true
population effects.

When this bias is present, researchers cannot trust the magnitude or, in severe cases, even the
sign of the estimated relationships. A biased coefficient compromises the entire inferential process,
rendering hypothesis tests (such as t-tests) invalid and predictive statements unreliable. Therefore,
OVB represents a significant violation of the key assumption that the error term in the regression is
uncorrelated with the included explanatory variables.

Why Variables Are Omitted

Variables that should rightfully be included in the model often find themselves excluded due to
practical or theoretical constraints. Recognizing these common pitfalls is the first step toward
mitigating OVB. The reasons for omission usually fall into two broad categories:

Data Unavailability: This is arguably the most common practical reason. Researchers often work
with secondary or observational data sets where information on certain crucial factors--such as
psychological traits, specific environmental exposures, or detailed historical records--was simply
never collected. If the necessary data cannot be observed or measured, the variable must be
excluded, regardless of its theoretical importance.
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Lack of Theoretical Knowledge or Measurement Difficulty: Sometimes, a researcher is aware
that a particular factor influences the outcome, but the precise mechanism, functional form, or
appropriate measurement scale is unknown. Furthermore, some variables, like intrinsic motivation,
managerial skill, or cultural adherence, are latent constructs that are inherently difficult to quantify
accurately, leading to their exclusion or the use of poor proxies, which can also introduce
measurement error.

Even when data is available, researchers might deliberately omit a variable if they mistakenly
believe its effect is negligible or if they are attempting to keep the model parsimonious. However,
parsimony should never come at the expense of ignoring a variable that significantly impacts both
the dependent variable and the primary independent variables of interest.

The Critical Requirements for Bias

Crucially, simply omitting a variable does not automatically guarantee that the estimates will be
biased. Omitted variable bias only materializes if two specific, non-negotiable conditions are

simultaneously satisfied. If either condition fails, the estimated coefficients of the included variables
remain unbiased, though the overall model fit (R-squared) may suffer.

The two necessary conditions for OVB to occur are:

Correlation with Included Explanatory Variables: The excluded variable (Z) must be correlated
with at least one of the included explanatory variables (X). This correlation is what allows the effect

of Z to be mistakenly attributed to X. If Z and X are uncorrelated, then leaving Z out will not affect
the estimation of the relationship between X and the outcome.

Correlation with the Response Variable: The excluded variable (Z) must significantly influence,
or be correlated with, the response variable (Y). If the omitted variable has no true impact on the

outcome variable Y, then its exclusion, while perhaps poor modeling practice, will not introduce
systematic bias into the coefficients of the included predictors.

These two conditions highlight the mechanism of bias: the omitted variable acts as a confounding
factor. It is simultaneously influencing the outcome (Y) and varying alongside the predictor of
interest (X). Because the model cannot see the omitted variable (Z), it incorrectly attributes Z's
effect on Y to the variation in X, thus contaminating the estimate for X.

Understanding the Direction and Magnitude of Bias

The true danger of OVB lies not just in its existence, but in its predictability. When OVB occurs, it
results in a bias that can be defined mathematically. Consider a scenario where we have a true
relationship: Y = BO + B1A + B2B + ¢, but we mistakenly estimate a simplified model: Y = y0 + y1A
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+ u. If B (the omitted variable) meets the two critical requirements, the estimated coefficient y1 will
be biased relative to the true coefficient B1.

The direction of this bias (positive or negative) depends entirely on the signs of two specific
relationships:

The relationship between the omitted variable (B) and the included variable (A).

The relationship between the omitted variable (B) and the response variable (Y), as captured by
B2.

The bias is positive if both relationships are positive, or if both are negative. The bias is negative if
the relationships have opposite signs. This relationship is often summarized in a helpful mnemonic
or diagram, which illustrates how the coefficient estimate of A will be biased, depending on the
nature of the relationship with B:

A and B are (A and B are
positively |negatively
correlated |correlated
B is positively Positive Negative
correlated with Y Bias Bias
B is negatively Negative Positive
correlated with Y Bias Bias

Therefore, by theoretically assessing the likely relationship signs among the variables, researchers
can often predict whether their current, simplified model is likely overestimating or underestimating
the true impact of their primary explanatory variable.

Case Study: The House Price Regression Model (Initial Omission)

To demonstrate the tangible impact of OVB, let us examine a common scenario in real estate
analysis. Suppose a researcher wants to estimate the value of a house based solely on its size.

The initial, simple linear regression model is specified as:

House price = BO + B1(square footage)

After estimating this model using a sample dataset, the following result is obtained:
House price = 40,203.91 + 118.31(square footage)

The interpretation of the coefficient B1 is straightforward in this simplified context: each additional
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one-unit increase in square footage is associated with an increase in house price of $118.31, on
average. This interpretation suggests that $118.31 is the true, isolated effect of size on price.

However, we know that house price is influenced by many factors, notably the age of the home. If
we omit the variable Age, we must assess whether it satisfies the two conditions for bias:

Condition 1 (Age and Square Footage): Older houses are often smaller (historically built before
the trend for massive homes). Thus, Age is generally negatively correlated with Square Footage.

Condition 2 (Age and Price): Older houses typically sell for less than equivalent new houses (due
to wear, outdated designs, etc.). Thus, Age is negatively correlated with House Price.

Since both correlations are negative, following the rules established earlier, we anticipate a positive
bias on the square footage coefficient. This means the $118.31 estimate is likely inflated because it
is incorrectly absorbing the negative impact of age, which makes smaller houses seem more
valuable than they truly are, relative to size alone.

A and B are |A and B are
positively |negatively
correlated |correlated

B is positively Positive Negative
correlated with Y Bias Bias
B is negatively Negative Positive
correlated with Y Bias Bias

The Corrected House Price Model

To correct the omitted variable bias, the researcher successfully obtains data on house age and

incorporates it into a multiple regression model. The newly specified model is:
House price = BO + B1(square footage) + B2(age)

Upon re-estimation using the same data set, the results dramatically shift:
House price = 123,426.20 + 81.06(square footage) - 1,291.04(age)

The inclusion of the previously omitted variable, Age, leads to two critical observations. First, the
coefficient for Age (B2) is negative, confirming the theoretical expectation that older homes are
cheaper. Second, and most importantly, the coefficient for square footage (B1) has dropped
significantly, from $118.31 to $81.06.
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This substantial decrease confirms that the original simple model suffered from a strong positive
bias. By controlling for Age, the new coefficient, $81.06, represents the true marginal effect of
square footage on house price, holding the age of the house constant (ceteris paribus). The way
we would interpret the coefficient for square footage in this model is that each additional one unit
increase in square footage is associated with an average increase in house price of $81.06,
assuming age is held constant. This example vividly illustrates how OVB can lead to gross
overestimation of a predictor's impact when confounding variables are ignored.

Remedial Strategies: Addressing OVB

While the ideal solution to omitted variable bias is the inclusion of all relevant explanatory

variables--the principle of sound theoretical specification--this is often impractical due to the real-
world constraints of data collection or measurement. When direct inclusion is impossible,
researchers must resort to advanced techniques designed to isolate causal effects despite missing
data.

Several advanced econometric methods exist to address or circumvent OVB when it is caused by
unobservable characteristics or confounding factors:

Panel Data Methods (Fixed Effects): If the data is longitudinal (observed over time for the same
entities), using fixed effects models can control for unobserved variables that are constant over
time within each entity (e.g., controlling for inherent managerial skill or regional culture that doesn't
change).

Instrumental Variables (V) Estimation: If a suitable instrument can be found--a variable that is
highly correlated with the problematic endogenous (omitted) variable but uncorrelated with the
error term--IV methods can produce unbiased coefficients for the primary explanatory variable.

Difference-in-Differences (DiD): This quasi-experimental technique can be highly effective in
policy evaluations, as it compares the changes in outcomes over time between a group that
received an intervention and a control group, thereby controlling for time-invariant unobservables.

Proxy Variables: If the true, critical variable cannot be measured, a highly correlated proxy
variable may be included in the model. While not a perfect solution--as it introduces measurement
error--a strong proxy is often better than complete omission, provided the proxy itself is not a
source of new bias.

Ultimately, a researcher should always strive for the most complete model possible. Leaving
relevant explanatory variables out of a model, especially those that act as confounders, renders
the model specification incorrect and significantly distorts the interpretation of the results,
fundamentally compromising the scientific findings, as demonstrated dramatically in the house
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price example.

Related Statistical Concepts

Omitted variable bias is closely linked to several other concepts in statistics and causality, often
describing the same underlying problem from slightly different perspectives. Understanding these
related terms helps in diagnosing and discussing OVB:

Lurking Variables: A lurking variable is an unobserved variable that influences the interpretation

of the relationship between two observed variables. It is essentially an omitted variable that is not
included in the analysis but significantly affects the results. The house age in our example
functions as a lurking variable in the initial simple regression.

Confounding Variables: A confounding variable is a variable that influences both the dependent

variable and the independent variable, causing a spurious association. OVB is the statistical
consequence of failing to control for a confounding variable.

Endogeneity: OVB is a major cause of endogeneity, a situation where an explanatory variable is
correlated with the error term. This correlation violates the classical assumptions of ordinary least
squares (OLS) regression, leading to biased and inconsistent estimates.

By carefully specifying models based on sound theory, rigorously testing assumptions, and
employing appropriate econometric techniques when data is unavailable, researchers can
minimize the pervasive threat of Omitted Variable Bias and achieve cleaner, more accurate
inferences about causal relationships.

What is a Lurking Variable?
What is a Confounding Variable?
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