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Abstract

When assessing the substantive significance (effect size) of key independent
variables, social scientists seek to craft plausible counterfactuals that avoid ex-
trapolating outside the support of the observed data. When causal inference
strategies—which confine analyses to comparable sets of treated and untreated
units—are employed, the risk of positing such unrealistic scenarios can worsen.
The reason is that such strategies discard massive amounts of variation in the
data, either before or during the estimation of causal effects. In this paper, we
show that failing to account for such reductions in variation after employing one
of the most ubiquitous causal inference strategies, fixed effects regression, can and
has led researchers to posit unrealistic counterfactuals when discussing substan-
tive significance. We provide a set of best practices for avoiding this interpretive
pitfall.
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project.



When assessing the substantive significance (effect size) of key independent variables, social

scientists seek to craft plausible counterfactuals. That is, they often ask: how much would

a typical shift in an independent variable be expected to change the dependent variable?

Quantifying this “typical” shift is an important exercise. As prior work has shown, positing

unrealistic shifts can inflate the substantive importance of an intervention and lead to unre-

liable (model-dependent) inferences if the proposed shift is outside the support of observed

data (King and Zeng 2006). When causal inference strategies—which confine analyses to

comparable sets of treated and untreated units—are employed, the risk of positing such un-

realistic scenarios can quickly worsen. The reason is that such strategies discard massive

amounts of variation in the data, either before or during the estimation of causal effects.

In this paper, we show that failing to account for such reductions in variation after em-

ploying one of the most ubiquitous causal inference strategies, fixed effects regression, can

and has led researchers to posit unrealistic counterfactuals when discussing substantive signif-

icance. Estimates generated by fixed effects regression rely only on the within-unit variation

of independent variables (Wooldridge 2010, 304; Allison 2009, 3). Despite this, researchers

often motivate subsequent counterfactuals by appealing to the overall distributions of in-

dependent variables such as the standard deviation or range—shifts which are often never

observed, or fall well outside the support of the within-unit data used for estimation. A

content analysis1 of the American Political Science Review, American Journal of Political

Science and Journal of Politics from January 2008 to June 2013 found that 27 out of 28

articles which used linear FE regression and discussed counterfactuals did so based on the

overall distribution of the independent variable.2 In what follows, we replicate several of

1We searched for all articles in these journals that contained the phrase “fixed effects.” We then discarded
all articles that did not employ an OLS model. We read the remaining articles to to assess what, if any,
substantive counterfactuals the authors offered.

2The notable exception is Nepal et al. (2011) which uses within-unit standard deviations, the approach
we recommend here, to motivate the substantive effects they report.
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these articles and show that positing counterfactuals which appropriately account for reduc-

tions in variation often leads to drastic reductions in substantive significance. We discuss a

set of best practices when interpreting the output of FE models.

Within-Unit Estimator, Within-Unit Counterfactuals

We begin with a brief simulation to illustrate the matter at hand. Consider a standard fixed

effects dummy variable mode in which an outcome Y is observed for a unit i for multiple

time periods t. Measures of an independent variable X are also indexed by i and t. Finally

an intercept shift, α, is estimated for each unit i. Consider a hypothetical example of the

often-studied relationship between a country’s economic output and level of democracy (see

e.g., Lipset 1960, Diamond 1992, Przeworski et al. 2000). In this example, Y is the level

of democracy observed in a country i in year t, (Democracy), X is the economic output of

country i in year t, (Econ), and εit is an error term.

Democracyit = β0 + αi + β1Econit + εit

The intercept shifts, αi, are the fixed effects for each country i. These intercept shifts are

mutually exclusive and capture the distinctive features of country i, resulting in an estimate

of β1 that is purged of the influence of between-country, time-invariant confounders. This

is accomplished by demeaning the data within units (countries) during estimation (see e.g.,

Cameron and Trivedi 2005, 726; Greene 2008, 195; Baltagi 2005, 11-13). That is, we could

recover an identical estimate of β1 by omitting country dummy variables and estimating the

following model:

(Democracyit −Democracyi) = γ + β1(Econit − Econi) + (εit − εi) (1)

Because αi captures any constant differences in economic output between countries, only
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the variation in economic output within each country over time is used to estimate β1.

While the overall variation in economic output may be large, the within-country variation in

economic output used to estimate β1 will always be smaller, except in the edge case where

the data only vary within units, in which case unit fixed effects are not needed (Baltagi 2005,

5).

To visualize this issue, Figure 1 displays simulated data containing measures of economic

output and democracy in five hypothetical countries over 100 years. In the left panel of

Figure 1, the raw (pooled) data are displayed, while in the right panel, the demeaned data—

i.e. the data used for estimation in the fixed effects model—are shown. The inclusion of fixed

effects drastically reduces the variation in economic output (the standard deviation of the

variable moves from $346 billion to $24.6 billion). As the right panel illustrates, positing a

shift in economic output on its original scale—either a one standard deviation shift, or a min.

to max. shift—now leads to extreme counterfactuals well outside the support of the data.

If the functional form assumptions in this model are incorrect—that is, if the relationship

between the two variables is nonlinear outside the support of these data—the estimated

effects based on these counterfactuals could be severely biased (King and Zeng 2006). But

even absent such model dependence, these counterfactuals now consider scenarios which, by

all empirical indications, could not plausibly be observed.

Published Examples

To gauge whether political science data frequently exhibit such reductions in variation when

fixed effects are used, we replicated 10 articles recently published in top tier journals that

used linear fixed effects models. In each case, we generated the revised versions of both

the dependent and independent variables after residualizing with respect to the fixed effects

(Lovell 1963). As Table 1 shows, considering shifts in these revised distribution of X, rather

than the original distribution, results in massive reductions in substantive effects. Of the
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Figure 1: Features of Original Data Make for Inappropriate Counterfactuals after Fixed Effects
Regression

Economic Output ($ billions)

D
em

oc
ra

cy
 (

1−
7 

S
ca

le
)

0 200 400 600 800 1000 1200

1

2

3

4

5

6

7

Country 1

Country 2

Country 3

Country 4

Country 5
SD(Economic Output) for all data = 346

Range(Economic Output) for all data = 1,002

(a) Original Data

Mean−Deviated Economic Output ($ billions)

M
ea

n−
D

ev
ia

te
d 

D
em

oc
ra

cy

−100 100 300 500 700 900 1100

0

1

2

3

One−SD Increase in
Economic Output

Min.−to−Max. 
Increase in

Economic Output

SD(Economic Output) for demeaned data = 24.6
Range(Economic Output) for demeaned data = 140.5

(b) Mean-Deviated Data Used in Fixed Effects Model

ten studies we examined, considering a one standard deviation shift on the within-unit

distribution of X, (as opposed to a one-SD shift in the original distribution), resulted in an

average reduction of 32.8% in the estimated treatment effect (the mean of column 5 in Table

1).3

In some cases, the failure to consider the revised distribution of the independent variable

likely led to overstatements of the substantive impact of the interventions in these studies.

For example, when discussing the substantive effect of changing the level of an ethnic group

surrounding a polling station, Ichino and Nathan (2013) states that, “. . . a one standard

deviation increase in the spatially weighted population share of Akans beyond a polling

station (about 0.21) results in a predicted 6.9 percentage point greater NPP presidential

vote share,” (Ichino and Nathan 2013, 351-352). This counterfactual is based on the overall

3Note: Not all studies listed here posited a one-SD shift when discussing counterfactuals but we examine
that shift here for comparability across studies.
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Table 1: Substantive Effects From 10 Replication Studies. Below, x is the treatment, y is the
outcome, and x̃ and ỹ are the same variables after residualizing with respect to fixed effects.
Column (5) reports the % difference between columns (3) and (4).

(1) (2) (3) (4) (5)

Effect Using Effect Using
Coefficient Original x Revised x % Difference

Study on Treatment (β̂) (β̂ ∗ SD(x)) (β̂ ∗ SD(x̃))

Berrebi and Klor 2008 0.004 0.005 0.004 -22.274
Boix 2011 0.374 0.129 0.071 -44.534

Buthe and Milner 2008 1.077 0.479 0.261 -45.494
Gasper and Reeves 2011 2.650 1.180 0.969 -17.915
Healy and Malhotra 2009 0.454 0.880 0.456 -48.165
Ichino and Nathan 2013 0.386 0.117 0.082 -29.871

Scheve and Statsavage 2012 21.463 3.489 2.397 -31.289
Snyder and Stromberg 2010 0.279 0.080 0.019 -76.316

Statsavage 2010 -0.872 -0.208 -0.199 -4.613
Tavits and Letki 2009 0.101 0.714 0.660 -7.580

distribution of the independent variable. However, the fixed effects estimator employed in

this analysis only uses the within-parliamentary constituency distribution, and a one-SD shift

in this revised distribution produces an increase of 2.6 percentage points in NPP presidential

vote share at a polling station, a decrease of 62% compared to the reported treatment effect.

In another example, Snyder and Strömberg (2010) estimates the effects of media market

congruence, (the alignment between print media markets and U.S. congressional districts),

on both the public and political elites. However, when discussing the substantive significance

of a key model’s results, Snyder and Strömberg (2010) uses the hypothetical range of the

treatment (a 0-to-1 shift), which is beyond the observed range even in the original data

(i.e. before the fixed effects adjustment). The paper states that, “. . . a change from the

lowest to the highest values of congruence is associated with a 28 [percentage-point] increase

in the probability of correctly recalling a candidate’s name. This is about as large as the

effect of changing a respondent’s education from grade school to some college,” (Snyder and

Strömberg 2010, 372). When a more realistic counterfactual is used—the standard deviation
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of the treatment after residualizing with respect to the incumbent and year fixed effects the

authors employ—an effect of 1.9 percentage points is recovered.

Conclusion

Because it reduces concerns that omitted variables drive any associations between depen-

dent and independent variables, many researchers use linear fixed effects regression. This

estimator reduces the variance in the independent variables that is used to estimate a model.

While many researchers readily acknowledge this issue, they do not extend this point to the

counterfactuals they use to evaluate the substantive significance of a model. In this paper, we

have shown that a failure to acknowledge this reduction in variance results in less plausible

counterfactuals that can exaggerate the substantive significance of an independent variable.

When researchers employ linear fixed effects models, we therefore recommend the follow-

ing method of formulating counterfactuals:

1. Residualize both the independent and dependent variables with respect to the fixed
effects being employed (Lovell 1963). That is, separately regress the outcome and
independent variable on the dummy variables which comprise the fixed effects and
store the two vectors of resulting residuals.4

2. Conduct typical data exploration exercises on this transformed data (e.g. generate scat-
terplots, examine the summary statistics of each variable, etc.). Use flexible estimators
like LOESS regression to evaluate functional form using the revised variables.

3. Compute the standard deviation of the transformed independent variable, which can
be thought of as a typical shift in the independent variable in the data used during
estimation.

4. Estimate the fixed effects regression, storing the coefficient of interest. Multiply this
coefficient by the revised standard deviation of the independent variable to assess sub-
stantive importance.

5. Consider characterizing this new effect in terms of both the outcome’s units and in
terms of standard deviations of the original and transformed outcome. The substance of
particular studies should be used to guide which outcome scale is most useful/relevant.

4This approach is often preferable to manually demeaning the data since it easily accommodates multi-way
fixed effects.
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