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Fixed Effects Regression and  
Effect Heterogeneity
An Illustration Using a Causal Inference 
Perspective1

Luis Maldonado und Pablo Geraldo

Abstract

Fixed effects regressions are commonly used by social scientists to identify cau-
sality. However, several criticisms against the fixed effects estimator emerged in 
recent years. In addition to confounding factors that are associated with time 
variant covariates, fixed effects can lead to an improper aggregation of hetero-
geneous effects. In the present chapter, we discuss the problem that pertains 
to the fixed effect estimator and show techniques that do not suffer from this 
source of bias. We also illustrate the problem with empirical analysis of Chilean 
students for the period time from 2007 to 2013. On the basis of the theoretical 
framework developed in the chapter and empirical findings, we suggest some 
implications for research in social sciences.

1  Introduction

In the social sciences, fixed effects regression is a standard method to identify 
causality by using data with units nested within some group or strata, such as 
panel data, multilevel research, and experimental block designs. One of the main 
advantages of this type of estimator is that it accounts for unobserved confounders 
that do not vary between the groups. An illustration of this advantage is panel data. 
As Andreß et al. pointed out (2013), analysis of this kind of information with fixed 

1 Luis Maldonado acknowledges support provided by FONDECYT REGULAR 1160921 
and Centro Nacional de Investigación para la Gestion Integrada de Desastres Naturales 
(CIGIDEN). We thank Marco Giesselmann for helpful comments.

© Springer Fachmedien Wiesbaden GmbH 2018
M. Giesselmann et al. (Hrsg.), Lebensbedingungen in Deutschland in der
Längsschnittperspektive, https://doi.org/10.1007/978-3-658-19206-8_17
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302 Luis Maldonado und Pablo Geraldo

effects regressions makes it possible to control for unmeasured determinants of 
outcomes that are constant over time. Furthermore, we can assess whether changes 
of a treatment precede changes of an outcome by examining panel information 
with fixed effects models. 

In spite of the advantages, several criticisms of fixed effects models have emerged 
in other settings during the last years, especially in the causal inference literature. 
By focusing on the conditions that are sufficient for drawing causality, recent studies 
show that this method can generate some source of bias that are not related to either 
omitted variables or a temporal sequence of treatment and outcome (Middleton et 
al. 2016). In the field of causal inference, researchers have developed novel meth-
ods to break down some of these problems that pertain to a fixed effects model; 
unfortunately, however, these techniques are not frequently used or are unknown 
to social scientists. 

In such a context, the goals of this chapter are to examine how fixed effects 
regressions identify causal effects and to discuss some methodological alternatives 
to the method. We develop our exposition by focusing on blocks designs and linear 
regression (ordinary least square, or OLS). This kind of data contains units nested 
within strata that control for several relevant confounders and are frequently used 
in multilevel research with individuals nested within schools or countries. Impor-
tantly, strata can be used as fixed effects in standard linear regressions.

Following the contemporary discussion about fixed effects in causal inference 
literature (Angrist and Pischke 2008), we conceptualize the fixed effects regression 
model as a way to average effect heterogeneity.2 On the basis of this framework, we 
argue that the averages that result from fixed effects are based on an aggregation 
procedure of heterogeneous effects that, under certain conditions—for example, 
data with strongly unbalanced strata—may generate biased results (Aronow and 
Samii 2013, 2016). We develop this argument by using formal exposition, and, 
guided by our formalization, we also highlight theoretical conditions under which 
fixed effects models may be harmful. 

In the causal inference setting, most existing research about fixed effects focuses 
on experimental designs (Middleton et al. 2016), but their extensions to observational 
designs are lacking. In addition to formal exposition, we consequently evaluate fixed 
effects OLS regressions with a large N observational study of Chilean students for 
the period from 2007 to 2013. We processed these data with matching techniques 

2 Every regression method can be conceptualized as way to average effect heterogeneity. 
However, as is said in the following sections, a causal inference framework accounts 
for the assumptions of the aggregation procedure. We do not think that the standard 
econometric expositions of regression models account for these assumptions.
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to generate blocks that are used to evaluate the performance of fixed effects OLS 
regression under the conditions highlighted by our theoretical discussion. To 
qualify the estimates of the fixed effects models, we also present findings based on 
techniques that do not suffer from the same problems found with this estimator, 
such as inverse probability weighted regressions. All in all, our formal exposition 
and empirical findings suggest that scholars should refrain from making an overly 
optimistic reference to fixed effects estimates as causal effects, insofar as the method 
generates some additional sources of bias that are not related with the exogeneity 
of treatments. 

The remainder of the chapter is organized as follows: The first section provides 
a standard presentation of fixed effects OLS models. The second section translates 
this standard presentation to a counterfactual formulation and highlights the ag-
gregation of the heterogeneous effect that a fixed effects regression uses. The third 
section offers an empirical illustration, and the final section features conclusions 
and implications for empirical research. 

2  Standard modeling approach of fixed effects 
regression

Following the work of Andreß et al. (2013), we present the standard modeling ap-
proach for fixed effects by assuming that individuals are nested in strata (e.g., people 
within countries or students within schools). We assume a set of units indexed by i 
that belongs to stratum j with i=1…N and j=1…J. We are interested in the effect of 
a treatment Dij on an outcome variable Yij. Notice that both variables are observed 
for each unit i in stratum j. The treatment is binary, with 1 indicating the fact that 
unit i is exposed to the treatment, and 0 denoting units that are exposed to the 
control condition. The outcome Y is a continuous variable. Formally, the fixed 
effects model may be written as 

yi,t = β1D1j + μj + εi, j              (1)

where μj denotes dummy variables for the strata that capture the observed and 
unobserved characteristics of these blocks. The variable εij is the error term that 
comprises the unobserved characteristics of unit i that belongs to stratum j. A 
common estimation approach of β1 is an OLS regression of the outcome Y on the 
treatment D and dummy variables for the strata. This model estimates the effect 
of this treatment, controlling for the observed and unobserved characteristics of 
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304 Luis Maldonado und Pablo Geraldo

the blocks. In other words, we estimate the effect of treatment D while accounting 
for fixed effects for the strata and, consequently, (1) is known as the fixed effects 
model (FE).3 

Following the econometric literature (Andreß et al. 2013; Wooldridge 2010), the 
critical assumption of FE to identify the effect of D (β1) is named the exogeneity 
of variable εij and is expressed in terms of mean independence E(εij|Dij,μj) = 0. This 
assumption means that unobserved characteristics of units are not correlated with 
independent variables of model (1). When this assumption fails, the estimation 
of the effect of D is biased, insofar as the estimated regression coefficient for D 
does not capture the effect of D, but also the association between Y and another 
unobserved variable. Based on the assumption of exogeneity, in the next section 
we show a counterfactual formulation by which we illustrate some handicaps of 
the fixed effects models. 

3  Fixed effects model and effect heterogeneity

This section presents the fixed effects model as a way to average effect heterogene-
ity. We develop this topic in two steps. First, the counterfactual formulation of the 
causal effect of the treatment is illustrated. For simplicity, we begin with a simple 
experimental design without a nested structure and then we extend this design to 
block data. On the basis of the counterfactual formulation, we also present alter-
native procedures with which to analyze a block design. Second, the special type 
of aggregation of heterogeneous effects that is used by fixed effects is developed. 
The discussion is focused on OLS linear regression. 

3.1  Counterfactual formulation of causal effects

For most experimentalists, causation denotes “something that makes a difference, 
and the difference it makes must be a difference from what would have happened 
without it.” (Lewis 1974). This idea is the core of the counterfactual approach. In this 
framework (Imbens and Rubin 2015), each individual has two potential outcomes, 

3 For the topic of our chapter, the inclusion of additional independent variables in the 
models is not critical, and, thus, we prefer to exclude these kinds of variables and to 
make our exposition as simple as possible. Furthermore, we also do not discuss topics 
of inference with FE regression, for example cluster standard errors.
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but only one of them is realized. Potential outcomes represent individual behavior 
in the presence and absence of a treatment, and the observed outcome depends 
on the realized treatment status. As stated above, let D be the treatment binary 
variable, where 1 indicates the treatment group, 0 indicates the control group, and 
Y is the outcome variable. Let Yi(1) be the outcome if unit i is exposed to treatment 
D and Yi(0) represents the outcome’s value when unit i is exposed to the control 
condition. For each unit i, the causal effect of treatment is τi, and it corresponds to 
the difference of two outcomes:

τi = Yi(1) – Y(0)               (2)

This expression is also called the unit effect, and it compares the outcome’s values 
in the treatment and control conditions for the same unit i. However, real data 
only have information for one of these conditions. Put otherwise, a unit i cannot 
be treated and control at the same time. In the causal inference literature, this 
characteristic of (2) is denoted as the fundamental problem of causal inference 
(Holland 1986). One way to solve this problem is to use some kind of procedure 
that aggregates the unit effects or effect heterogeneity. In other words, we cannot 
estimate the unit effects, but it may be possible to estimate an aggregation of them. 
Following the work of Imbens and Rubin (2015), an unbiased aggregation’s proce-
dure is to use the average information of the unit and, consequently, to define the 
average treatment effect or ATE:4

ATE = 1
N ∑N

i =1 τi                     (3)

An equivalent way to express the average treatment effect is E[Yi(1)] – E[Yi(0)]. By 
assuming the exogeneity or random assignment of the treatment5, an estimator of 
the ATE is the simple difference between the outcome’s average of the treatment 
and the control groups ATE = E[Yi(1)|Di =1] – E[Yi(0)|Di =0].6 Consequently, this 
procedure provides estimations of effects as averages and not per unit. Put oth-

4 Standard regressions such as OLS also use this kind of aggregation. 
5 The random assignment of units into the control and treatment groups generates the 

exogeneity of treatment, insofar as the physic mechanism of randomness balances 
controls and treated groups. Balance means that both groups are equivalent in terms 
of their observed and unobserved characteristics. 

6 Our discussion puts the focus on ATE and not on the average treatment effect for treated 
(ATT) or for control (ATC).
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erwise, while we can estimate average effects, the ATE does not capture how the 
effect varies across units.7

Following the experimental design literature, the extension of the ATE for 
data with individuals nested within strata is straightforward. This kind of data is 
classified as being configured in a block design, and the main characteristic of it 
is that units are partitioned into blocks. As Gerber and Green (2012) pointed out, 
the block design has three main characteristics. First, blocking ensures the balance 
of all observed variables that are used to generate blocks. It means that blocking 
controls for all these variables. Second, blocking improves the precision of ATEs by 
reducing the standard errors. Third, random assignment occurs within each block. 
Because of randomization, we can assume the exogeneity of the treatment within 
each block, but the probabilities of treatment assignment can differ among strata. 
For example, we might have 50 % of controls and treated elements in block A, but 
block B could contain 30 % of the treated and 70 % of controls. 

To estimate the unbiased causal effect, the main concern of block design is how 
an estimator can account for the different proportion of treated and control elements 
among the blocks. A procedure that identifies the ATE and accounts for heteroge-
neous assignment probabilities among strata is a weighted average of the average 
treatment effects for each block, and this can be expressed in the following way:

ATE = ∑J
j =1 Nj

 ATEj                   (4)
                                  

N

where the weight Nj /N refers to the share of all units that belong to block j, the 
blocks are indexed by j, and J is the number of blocks. Consequently, the weights 
imply that the larger the size of the block j, the higher the impact of the ATE of this 
block on the overall ATE. As we will explain in the section that follows, fixed effects 
regressions can also estimate (4), but only specific conditions. We can estimate (4) 
by using the following procedure: 1) for each strata, do a stratum-specific simple 
regression of Y on D and get the stratum-specific coefficients that represent the 
ATEs; 2) compute the weighted stratum-specific coefficients by using the weight 
Nj /N; and 3) estimate the sum of the weighted ATEs. In the literature, this method 
is called standardization (Hernan & Robins, 2017). An alternative approach that 
also accounts for the unequal probabilities of treatment assignment is the inverse 
probability weighted (IPW) regression. The weights are the inverse of the proportion 

7 In the setting of causal inference, the exogeneity of treatment is called the independence 
assumption. On the basis of this assumption, ATE provides a solution to the fundamen-
tal problem by imputing the values of the observed conditions to the counterfactual 
conditions. For details of the imputation procedure, see Imbens and Rubin (2015).
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of subjects in a particular block who are assigned to treatment conditions. More 
specifically, the weights are:

gij = Di + 1 – Di                      (5)
                       

pij
          

1 –  pij

Di is the binary variable that denotes whether the unit is in the treated or control 
group, and pij is the probability that subject i in block j is assigned to treatment—in 
other words, pij is the proportion of treated and control elements within each block. 
To identify the causal effect by using weights (5), we estimate a simple OLS regres-
sion of the outcome on the treatment, but we weigh the regression by using inverse 
probability weights gij. The results of inverse probability weighting are equivalent 
to the standardization procedure, but it could be more efficient—it means lower 
standard errors—insofar as we can include control variables in regression models 
(Hernan and Robins 2017). In the following section, we relate these unbiased esti-
mators of the ATE to a block design with FE.

3.2  Fixed effect model as a weighting procedure

In the case of block designs, a common estimation approach of ATE is an OLS re-
gression with fixed effects for blocks such as equation (1): The outcome is regressed 
on the treatment and dummy variables for the blocks. As will become evident, 
this regression is a type of FE model. Recent studies suggest that this fixed effects 
model is algebraically equivalent to a weighting procedure that produces an unbi-
ased estimation of the causal effect of the treatment only under certain conditions 
(Angrist and Pischke 2008; Gerber and Green 2012). 

To identify these conditions, we have to relate FE regressions with equation (4). 
As Humphreys (2009) points out, an OLS regression of outcomes on the treatment 
and dummies for blocks is similar to a procedure that is analogous to the stan-
dardization method, but the weights do not only consider the share of all units that 
belong to a block; they also include the variance of treatment for each block. More 
specifically, following the notation of Humphreys and assuming random assignment 
of treatment within blocks, FE regression estimates an ATE that is equivalent to

ATE = ∑J
j =1   

wj ATEj             (6)
                           

∑J
j =1

 

wj

where wj = (Nj /N)Pj (1 – Pj ) and Pj is the proportion of observations in block j that 
are assigned to the treatment condition—or the probability of being treated. 
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The core characteristic of (6)—and the central point of our argument—is that Pj 
(1 – Pj ) is the variance of a dichotomous variable; for example, the treatment D. In 
comparison with the estimator of the ATE for block design expressed in equation 
(4), FE as expressed in (6) consequently generates a causal effect that is reweighted 
by the conditional variance of the treatment. Therefore, notice that the condition of 
LM-FE to produce an unbiased estimation of the causal effect of the treatment: Pj 
is constant across blocks. It is only under this condition that FE and the standard-
ization method produce identical findings. For example, a design that complies 
with this condition is a pair block design in which each block has one treated and 
one control element. When this condition does not hold, the FE is not free of bias 
and the reason is not the presence of omitted variable bias—recall that we assume 
random assignment of treatment—but the variance of treatment for each block 
that is considered by the weighting procedure of FE. Put otherwise, the reason 
is the improper aggregation of heterogeneous effects that is used by fixed effects 
regressions. In the causal inference literature, this problem of FE is conceptualized 
as aggregation bias (Aronow and Samii 2013).

In the setting of observational studies, aggregation bias can be a problem. Even 
though the exogeneity of the treatment is credible, the estimates of FE are still biased 
if what we really want is a proper estimator of the ATE that accounts for unequal 
probabilities of treatment assignment (i.e., standardization or IPW regression). 
When the probabilities of treatment assignment are very unequal—for example, as 
is common in unbalanced panel data—FE may be harmful. However, it is not clear 
in practice under which conditions this kind of bias is a major concern. According 
to our own knowledge, most existing research on aggregation bias focuses on ex-
perimental designs such as, for example, the work on Middleton et al. (2016), but 
explorations of this problem in the setting of observational studies are lacking. In 
the following section, we attempt to fill in this gap by examining aggregation bias 
associated with FE by using real data. 

4 An Empirical Illustration

As previously explained, using fixed effects models when analyzing grouped 
observations (v.gr. experimental block designs, panel data, or matching designs) 
could produce the so-called aggregation bias when the probabilities of receiving 
the treatment of interest differ across groups. For example, this is the case when we 
have experimental block designs with different shares of treatment and control units 
across strata, or unbalanced panel data. In this section, we illustrate the importance 
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of taking into account aggregation bias in FE models by using observational data 
coming from Chilean educational system.

We develop our example by comparing the performance on a mathematics test 
of students attending vocational and general schools.8 In Chile, due to a reform 
that took place in 1998, the official duration of the vocational track was shortened 
from 4 to 2 years, currently covering grades 11 and 12. The purpose of the reform 
was to provide the same academic opportunities to students attending general 
and vocational schools for a longer period. Despite this, most secondary schools 
exclusively offer one educational track, being specialized institutions irrespective 
of the grade. In consequence, although previous research on vocational education 
has focused on the official two-year duration of vocational training, there is a broad 
consensus that, due to structural differences with comprehensive schools, vocational 
schools expose their students to more limited learning opportunities from the very 
beginning of their secondary education, in grades 9 and 10 (Larrañaga et al. 2013). 

4.1  Data and Methods

The empirical analysis of this paper is based on a subset of a Chilean census of 
students named “Measurement System of Educational Quality” (SIMCE, for the 
Spanish acronym). SIMCE is applied in variable years to students in grades 4, 6, 
8, and 10. Our data set included IRT scores for mathematics, Spanish, and the 
social and natural sciences. Additionally, during SIMCE’s application, students, 
parents, and teachers were surveyed to collect information on factors associated 
with the academic performance of the students. These surveys provide background 
information that accounts for an extensive set of confounders.9 We use data from 
the application in grades 4 and 8 (years 2007 and 2011) for the baseline students’ 
characteristics and from the application in grade 10 (year 2013) for the outcome 
variable. The analytic sample is comprised of 7,525 students, which only includes 
urban youth from the Metropolitan Area in Santiago, Chile. 

On the basis of this data, our empirical illustration looks to identify the causal 
effect on students’ academic performance of attending a secondary school that 

8 The data and empirical analysis used in this chapter are based on the M.A. thesis of 
Pablo Geraldo (Geraldo, 2015).

9 In our analysis, we consider confounders that include gender, preschool attendance, 
family income, and previous academic performance in mathematics and Spanish tests. 
To avoid some post-treatment bias, the covariates are measured in 2007 and 2011, the 
treatment corresponds to the school track attended through years 2012 and 2013, and 
the outcome is measured in 2013.

pdgerald@uc.cl



310 Luis Maldonado und Pablo Geraldo

specializes in vocational education during grades 9 and 10. Due to the non-random 
assignment of students in the educational track, we use a propensity score matching 
method to resemble a block experimental design (Gerber and Green 2012; Rosen-
baum 2010). In other words, we grouped students in many strata, based on their 
similarity in observable characteristics, constructing an as-if-random scenario: 
Within each stratum, treated (vocational) and control (general) students have the 
same observable characteristics, so comparing them represents an unbiased ap-
proximation to the causal effect of interest under the assumption of the exogeneity 
of the treatment that is conditional on observable characteristics. Put otherwise, 
matching techniques transform the data into a block design accounting only for 
observable variables, but not for unobservable features. Therefore, matching is not 
insensitive to omitted variable bias.

As previously indicated, one could aggregate such strata-specific effects by 
taking the weighted average of them in which the weights correspond to the size of 
each strata over the sample size. Equivalently, we can use an IPW regression that 
yields the same results. On the other hand, when the number of strata grows, it is 
a common practice to use FE regression to aggregate the strata-specific effects: one 
may run a regression on the pooled data and include a dummy variable for each 
stratum. However, as we will show, that way of aggregating the overall effect does 
not always correspond to the weighting process we seek. In fact, when the share 
of treatment and control units varies across strata, FE regression produces results 
that depart from the straightforward aggregation of strata-specific effects because 
of the (improper) variance-weighting aggregation described above (equation (6)). 

In our matching example, one would observe the FE and IPW regression yielding 
the same result when we have observations stratified in groups of the same size 
with the same share of treatment and control units within: the simpler case corre-
sponds to a pair matching design, i.e. comparing one vocational student with the 
most similar general student, and then taking the average across all the pairwise 
comparisons (Rosenbaum 2010). 

On the contrary, one would observe the FE and IPW regression yielding different 
results when we have a more complex matching schema with observations stratified 
in different-sized groups with varying shares of treatment and control units with-
in—that case corresponds to a full matching design, i.e. comparing many-to-many 
vocational and general students). In that scenario, the probability of receiving the 
treatment varies across strata, and the aggregation of strata-specific effects through 
FE regression (i.e., including a dummy for each strata) is biased, whereas the IPW 
regression offers unbiased results if we assume exogeneity of treatment when ob-
served covariates are included in the model (Gerber and Green 2012). 
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5  Results

In what follows, we will compare the results of FE regression and IPW regression 
in the two scenarios described above: one based on pair matching and one based 
on full matching. Based on those matched samples, Tab. 1 presents the estimations 
of the effect of attending vocational schools in comparison to attending general 
schools on mathematics test performance, obtained through FE and IPW regressions. 

Tab. 1 Effect of Vocational Education estimated through FE and IPW regressions

  FE  IPW
OLS Regression -0.23
Pair Matching -0.60 -0.60
Full Matching -0.26 -0.29

Source: Author’s own calculations based on a subsample of Chilean System of Measurement 
of Quality in Education (SIMCE), Agency for Quality in Education.
Notes: The treatment variable is vocational vs. general school, and the outcome variable 
is mathematics test performance in 10th grade. Linear models were estimated in three 
different samples: 1) a multivariate OLS regression, 2) bivariate OLS regressions in data 
pre-processed with pair matching, with FE identifying pairs, and then IPW by pairs, and 3) 
bivariate regression in data pre-processed with full matching, with FE identifying matching 
blocks, and then IPW by blocks. 

First, we estimate a multivariate OLS regression as a baseline, which indicates a 
detrimental impact of attending vocational schools of 23 % of a standard deviation 
on the mathematics test performance, which is a little more than the gap observed 
in the Chilean educational system between for-profit and non-profit high schools. 

Then, the second row presents the results of estimation by using FE and IPW 
regressions with data pre-processed through pair matching. In both cases, the esti-
mates correspond to bivariate regressions. The FE accounts for the block design by 
including a fixed effect that indicates the pair to which each observation belongs, 
while the IPW accounts for the block design by weighting each case by the inverse 
of the probability of being treated within its block. As expected, the results obtained 
through both methods are exactly the same. The estimates are consistent with a 
detrimental effect of attending a vocational school, but the magnitude of the effect 

pdgerald@uc.cl



312 Luis Maldonado und Pablo Geraldo

is much bigger: 60 % of a standard deviation on a mathematics test.10 As explained 
above, in aggregating the treatment effect across blocks, the FE and IPW deliver 
identical results because the size of the blocks and the share of treatment subjects 
within each block are the same. In other words, this occurs because the treatment 
probability is homogeneous across strata.

However, if we look at the estimates obtained in the data pre-processed with 
full matching, the scenario is different. Again, the results correspond to bivariate 
regressions, but the data was pre-processed by generating blocks of variable sizes 
and variable shares of treatment units within them. Now, accounting for the 
blocking structure of the data through the inclusion of fixed effects or weighting 
the observations by the inverse of the treatment probability within each block leads 
to different results. The FE model estimated the effect of attending to vocational 
education as a detrimental effect of 26 % of a standard deviation in the mathemat-
ics score, while the IPW estimated such effect as a decrease of 29 % of a standard 
deviation on the same test.

The difference between both estimates leads us to an improper aggregation of 
heterogeneous effects that characterizes FE regressions. The difference of approxi-
mately 3 % denotes the presence of aggregation bias in the FE model. However, this 
finding suggests that the aggregation bias is weak in our data. The reason seems to 
depend on the fact that the contribution of blocks with extremely unequal prob-
abilities of treatment assignment to the estimation of the ATE is compensated by 
blocks with similar numbers of treated and control elements. We think that this 
pattern is typical of studies with a large N sample and a large number of blocks. 
Furthermore, these estimates could be biased for other reasons; for example, as a 
result of the imbalance in the distribution of students’ or schools’ covariates within 
each block. In the following section, we discuss implications of the findings of our 
empirical illustration.

10 Although this is not the main focus of our analysis, it is worth explaining the size of 
the effect estimated. Pair matching does not minimize the overall distance between 
observations. The practical result of this is that such matching is not very effective in 
controlling for the confounder variables, which is expressed through this likely biased 
effect estimate.
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6  Discussion

In this chapter, we show that fixed effects regression can lead to an improper ag-
gregation of heterogeneous effects. We frame the presentation of the problem by 
assuming individuals nested within strata. On the basis of this kind of research 
design, we offer a formal discussion of the problem by focusing on a specific nested 
structure: an experimental block design. Furthermore, we show an empirical illus-
tration by discussing matching data as a block design. Our formal discussion and 
the findings of the empirical illustration suggest important implications. 

The formal exposition and findings indicate that omitted variable is not the 
unique source of bias that can affect the estimates of FE regressions. Even though 
the exogeneity of the treatment is credible and simultaneous causality is ruled 
out, our chapter shows that an additional source of bias can persist in estimates of 
FE models. It implies some ideas as a guide to interpret FE regressions. First, we 
recommend considering the proportions of treated and control elements nested 
within the group of interest (e.g., schools or countries). When the proportion is 
unbalanced, one must be aware that some aggregation bias may emerge. Second, 
blocks do not have the same contribution to the average causal effect. Some stratum 
may have higher weights and, thus, some external validity problems can emerge 
(Aronow and Samii 2016). We consequently recommend examining the relative 
size of the block with respect to the population of interest and to recall that FE is 
not impartial. We think that this recommendation is particularly important for 
a multilevel design that examines individuals nested within countries, insofar as 
the number of nations is small and, consequently, the estimates can be affected for 
the weights of some nations. 

How important is aggregation bias in FE regressions? To clearly answer this 
question, we need to go beyond the empirical illustration of this chapter; we need 
a systematic evaluation. In order to provide this kind of test, future research should 
examine the role of aggregation bias under different patterns of balances of covari-
ates by using, for example, simulations. Furthermore, more research is necessary 
in order to evaluate aggregation bias with observational longitudinal data. It is 
not clear how the weighting procedure used by FE assesses the aggregation of unit 
causal effects in this kind of setting. Developing formal and empirical evaluations 
of this problem with large N micro panel data with FE or random effects models, 
as in the work of Blackwell (2013), would be valuable. 
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