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cuartert INtroduction

Many research questions fall under the umbrella of causal inference, that is, es-
timating the effect of a treatment on an outcome. To this end, the gold standard
method consists of conducting a randomized controlled trial (RCT), in which units’
exposure to treatment is determined randomly. We can then compare the average
outcomes between treated and untreated units to estimate, without bias, the aver-
age treatment effect (ATE) in the population under study.

Nevertheless, there are questions for which it is difficult, or even impossible, to
conduct an RCT. For example, it is not possible to randomly increase imports
from China for certain countries and not for others, in order to measure the causal
effect of these imports on employment in importing countries. Similarly, randomly
assigning firms to groups subject to a high or low minimum wage, in order to study
the effect of the minimum wage on employment, has never been done. Moreover,
even when RCTs are feasible, they sometimes suffer from a lack of external validity:
their results cannot always be generalized from the experimental sample to the
entire population for which the researcher wishes to estimate the ATE. For example,
research ethics require informed consent from participants in an RCT. Thus, in our
hypothetical minimum wage example, the RCT would provide an unbiased estimate
of the minimum wage effect among firms that agreed to participate, but this effect
would likely differ from the effect among all firms.

To answer causal inference questions for which RCTs are impossible to implement,
or would not be generalizable to the entire population, researchers typically rely on
what are called natural experiments, in which a treated group and a control group
arise spontaneously, without intervention by the researcher. Typically, natural
experiments take the form of public policy changes. For example, one US state raises
its minimum wage while a neighboring state does not, thus providing researchers
with a treated group subject to a higher minimum wage, and a control group
facing a lower minimum wage. Natural experiments often concern an entire region
or province, so that results obtained from these studies generally apply to large
representative populations, unlike the results of RCTs.

Yet, in a natural experiment it is not the researcher but the policymaker who decides
who will be treated and who will not. This has two crucial consequences. First,
since policymakers do not randomly choose where to apply a reform, the treated
and control groups may not be comparable. Therefore, a simple comparison of their
average outcomes may provide a biased estimator of the ATE. In the minimum wage
example, the treated and control states may have different employment levels even
before the treated state raises its minimum wage. Comparing their employment
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Chapter 1 Introduction

levels after this increase then amounts to measuring the sum of the minimum wage
effect and pre-existing differences between the two states. This comparison does
not isolate the effect of the minimum wage itself.

Second, the evolution of public policies is often full of twists and turns. A researcher
conducting an RCT would simply assign some units to treatment and others to con-
trol, and then observe their trajectories without changing this initial assignment, for
as long as their research question requires. By contrast, in our example, policymak-
ers in states that raised their minimum wage may subsequently decide to lower it, or
to raise it again. In control states, which initially made no changes, authorities may
choose to modify the minimum wage later. Furthermore, some states may imple-
ment large minimum wage increases, while others make only modest adjustments.
These multiple variations complicate the analysis and may prevent researchers from
estimating the effects they originally intended to measure. The complexity of nat-
ural experiments leveraged by researchers is a central theme of this book.

Faced with these difficulties inherent to natural experiments—imperfect compa-
rability between groups and sometimes complex evolution of public policies—re-
searchers have progressively developed tools to still be able to isolate the treat-
ment’s causal effect. Among these tools, differences-in-differences (DID) occupy a
central place.

The use of DID is not recent. In the 1840s, Ignaz Semmelweis, a young assistant
physician at the Vienna maternity hospital, was confronted with high mortality
among his patients due to childbed fever. The city then had two clinics, and mor-
tality was much higher in the first, run by physicians, than in the second, run
by midwives. Semmelweis suspected a hygiene problem: physicians performed au-
topsies before attending deliveries, without always washing their hands afterward.
Perhaps the “cadaverous particles” on their hands were contaminating their pa-
tients? To test his hypothesis, Semmelweis required all caregivers to wash their
hands with chlorinated water before performing a delivery. After implementing
this protocol, mortality dropped sharply in the clinic run by physicians, while it
remained unchanged in the clinic run by midwives. This comparison of the evolu-
tion of an outcome (mortality) before and after the implementation of a treatment
(handwashing) in two groups constitutes the first known example of a DID esti-
mator (Semmelweis, 1983; Baker, Callaway, Cunningham, Goodman-Bacon and
Sant’Anna, 2025). While Semmelweis’s study demonstrated that handwashing is
a simple but extremely effective means of preventing childbed fever, his theory was
ridiculed by his peers, who refused to admit that their own practices were respon-
sible for their patients’ deaths. In 1865, Semmelweis, facing increasingly virulent
criticism, reportedly suffered a nervous breakdown and was committed to an asylum
by his colleagues, where he died fourteen days later, under obscure circumstances.

Another early example of a DID is John Snow’s study, aimed at determining

whether cholera is transmitted through air or water, the two dominant theories in
the 1850s. Snow exploited a change in the water supply of a London neighborhood,
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from polluted water drawn from central London, to cleaner water taken upstream.
He showed that after this change, cholera epidemics became less frequent in this
neighborhood, while their frequency remained unchanged in neighboring areas that
continued to draw water from central London. Since air quality had remained stable
over time in both the treated and control neighborhoods, his study demonstrated
that cholera is transmitted through water (Snow, 1856; Lechner, 2011).

While DID is an old method, recent developments have considerably expanded its
applicability. These advances have notably adapted the method to complex natural
experiments, where units can be exposed to treatment at staggered dates over time,
can switch out of treatment, and can receive heterogeneous treatment doses. These
extensions are important, because complex natural experiments are very common
in practice. This complexity is already present in the pioneering work of Semmel-
weis, where both groups are treated but with different intensities: handwashing
improves hygiene more in the physicians’ clinic, because they perform autopsies.

The purpose of this book is to introduce applied researchers to modern Differences-
in-Differences (DID) estimators, tailored to potentially complicated natural exper-
iments. This introduction gives an overview of the book, in a simplified setup that
ignores statistical uncertainty. Section 1.1 describes the DID method in the context
of the canonical “two-by-two” design, elaborating on the so-called parallel trends
assumption that underlies the method. Section 1.2 is devoted to recent extensions
of the DID method to more complex designs.

1.1 The classical DID design: Chapters 3 and 4

1.1.1 Definition of a classical DID design

In a so-called classical DID design, the treatment is a binary variable: one can
receive or not receive the treatment, but its intensity does not vary. The treatment
is also absorbing: once treated, a unit cannot become untreated again. Finally, there
is no variation in the timing of treatment: all treated units become treated at the
same time. In this framework, one can define two groups of units and two periods:
group s switches from untreated to treated between periods 1 and 2, while group
n remains untreated at both dates. A “cell” refers to a pair (g,t), that is, a given
group at a given period. We thus have four cells: (s, 1), (s,2), (n,1), and (n,2).

Let us illustrate this notation in the context of our running example in this chapter.
In July 2009, the value-added tax' (VAT) rate in sit-down restaurants dropped from
19.6% to 5.5% in France. Before the reform, a large number of restaurant owners
had signed a contract with the government, committing to share the benefits of the
VAT reduction equally among their customers, their employees, and themselves.
To determine whether they kept their promise, Benzarti and Carloni (2019) eval-
uate the effect of this reform on three outcome variables: the prices that sit-down

'For readers unfamiliar with the VAT, it is similar to a sales tax.
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restaurants charge their customers, the wages they pay their employees, and their
profits. To isolate the causal effect of the reform, they use takeaway restaurants, a
very similar economic sector that did not benefit from the VAT reduction, as the
control group. Thus, in this example, s represents sit-down restaurants, n repre-
sents takeaway restaurants, period 1 could for example correspond to year 2008,
the year before the reform, while period 2 would correspond to year 2009, the year
the reform was implemented.

1.1.2 Potential outcomes and target parameter

Measuring the impact of a treatment requires comparing what happens with the
treatment to what would have happened without it. To formalize what we are trying
to measure, suppose that each cell has two potential outcomes, without treatment
and with treatment. For g € {s,n} and ¢t € {1,2}, let Y, ,(0) be the potential
outcome of group g at period t if cell (g,t) is not treated, and let Y, (1) be its
potential outcome if it is treated (Neyman, Dabrowska and Speed, 1990; Rubin,
1974). Y, +(0) and Y, +(1) are referred to as the untreated and treated outcomes for
cell (g,t), respectively.

}' #1 In the VAT example, what does Y; 2(0) represent?

Solution. In the VAT example, Y; 2(0) represents the average profit of sit-down
restaurants in 2009, had those businesses not benefited from a reduced VAT
rate.

Y; 2(1) represents the average profit in the same businesses at the same date, had
they benefited from a reduced VAT rate.

Let Y, denote the observed outcome of group g at period ¢, and let Dy, be an
indicator variable equal to 1 if the cell is treated and to 0 otherwise. If cell (g,t)
is untreated, its observed outcome corresponds to its untreated outcome: Dy ; = 0
implies that Y, = Y, .(0). If (g,t) is treated, its observed outcome corresponds
to its treated outcome: Dy, = 1 implies that Y, ; = Y, ;(1). Thus, we have the
following relationship between the observed and potential outcomes:

Yo = (1= Dg1)Yy,(0) + DYy (1)

For each cell (g,t), only one of its two potential outcomes is observed. The unob-
served potential outcome of (g,t) is called its counterfactual outcome.
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;J #2 In the VAT example, which of the two potential outcomes is unobserved
for sit-down restaurants in 20097

Solution. Y; 5(0), the average profit that sit-down restaurants would have
earned in 2009 if they had not benefited from a reduced VAT rate, is not
observed: this is their counterfactual outcome.

Our goal will be to estimate
Ys2(1) = ¥5,2(0). (1.1)
;—f #3 Interpret this quantity, in general and in the context of the VAT
example.

Solution. Y; o(1) —Y; 2(0) is the difference between the two potential outcomes
of group s at period 2, with and without treatment. This difference thus
represents the effect of the treatment on the outcome in this cell. In the VAT
example, Y; (1) — Y, 2(0) represents the difference between average profits
among sit-down restaurants in 2009, with and without the VAT reduction.

As (s,2) is the only treated cell, Y; 2(1) — Y 2(0) is the average treatment effect on
the treated (ATT).

;J #4 Can we easily compute ATT?

Solution. Computing ATT requires computing the difference between two
quantities, Y5 2(1) and Y; 2(0). Since group s is treated at period 2, Y; o(1) is
equal to Y; o, the observed outcome of group s at period 2. Therefore, Y; o(1) is
observed and does not need to be estimated. On the other hand, Y; 2(0)—the
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outcome that s would have had at period 2 if it had not been treated—is unob-
served and must be estimated: this is what is called the fundamental problem
of causal inference.

11.3 Three possible estimators: treated versus control, before-after,
and DID

To estimate Y 2(0), a first possibility is to use Y;, 2. Replacing Y; 2(0) with its
estimator in (1.1), we can use

)/s 2 = Yn,2 (12)

s

to estimate ATT. This estimator is a treated-versus-control comparison of the out-
comes of s and n at period 2. In the VAT example, (1.2) compares average profits
in 2009, among sit-down restaurants and among takeaway restaurants. However,
since the treated group was not chosen randomly, Y;, o might not be a good esti-
mator of Y; 2(0)—the untreated outcome of s at period 2. In the VAT example,
the profits of takeaway restaurants in 2009 may not be a good counterfactual of
the profits that sit-down restaurants would have had in 2009 without the VAT
reduction. For instance, perhaps sit-down and takeaway restaurants already had
different profit levels in 2008, the year before the reform.

To estimate Y; 2(0), a second possibility is to use Y 1. Replacing Y; 2(0) with its
estimator in (1.1), we can use

Yoo —Ys1 (1.3)

i

to estimate ATT. This estimator is a before—after comparison, equal to the change
in the outcome of group s between periods 1 and 2. In the VAT example, (1.3)
compares the average profits of sit-down restaurants in 2009 and in 2008. Never-
theless, since the economic context changed considerably between the two periods,
it is possible that the profits of sit-down restaurants would have changed even with-
out the VAT reduction. Thus, their profits in 2008 might not be a good estimator
of what their profits would have been in 2009 without the VAT reduction.

Finally, a third possibility to estimate Y; 2(0) is to use Y5 1 +Y, 2 —Y,, 1, that is, the
sum of the outcome of s at period 1 and the change in the outcome of n between the
two periods. Replacing Y; 2(0) with its estimator in (1.1), we obtain the following
estimator:

DID:=Ys0—Ys1— (Yoo —Yn1). (1.4)

This estimator is called a difference-in-differences. It combines the before—after
difference in (1.3) and the treated-versus-control difference in (1.2), to ultimately
compare the outcome changes of s and n between periods 1 and 2. In the VAT
example, (1.4) compares the change in average profits, from 2008 to 2009, between
sit-down and takeaway restaurants.
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;J #5 For DID to be a reliable estimator of ATT, what assumption must be
satisfied?

Solution. The parallel trends assumption, discussed in detail in the next
section.

11.4 The parallel trends assumption

DID compares the outcome changes of s and n. Imagine that even if group s had
not been treated, its outcome would have increased more than that of group n. For
example, perhaps profits would have increased more (or decreased less) between
2008 and 2009 among sit-down restaurants, even if they had not benefited from a
reduced VAT rate in 2009. In this case, DID will be strictly positive even if the
treatment has no effect. Thus, for DID to be reliable, a fundamental assumption
must be satisfied: the parallel trends (PT) assumption.

This assumption states that without treatment, the average outcome would have
followed the same evolution in both groups. This is illustrated in Figure 1.1. The
black line represents the actual outcome evolution of s. The solid gray line repre-
sents the actual evolution of n, without treatment at any date. The dashed gray line
represents the counterfactual evolution of s, if it had not been treated at any date.
In the scenario presented in the figure, the solid and dashed gray lines are parallel, so

15 ——
11—
> Treatment
effect for s
051 1
Y. =Y,0)
Ys,t
Y,.(0)
0k
1 2

t

Figure 1.1: Illustration of the parallel trends assumption
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the PT assumption is satisfied. In this case, DID correctly estimates the treatment
effect. The outcome of s increases from 0 to 1, that of n increases from 1 to 1.5, so
that DID = 1-0—(1.5—1) = 0.5. Also, 0.5 indeed corresponds to the true treatment
effect for s at period 2: Y 2(1) = 1, Y, 2(0) = 0.5, 50 Y 2(1)—Y; 2(0) = 1-0.5 = 0.5.

Mathematically, the PT assumption requires that
Y;’Q(O) - Yg‘71(0) = Yn,Q(O) - Yn71(0) : (15)

without treatment, s and n would have experienced the same change in their out-
come. In the VAT example, this means that the average profits of restaurants in
both groups would have followed the same evolution if sit-down restaurants had
not benefited from a reduced VAT rate. Under this assumption, DID identifies the
treatment effect in group s at period 2. Specifically,

DID =Y, — Y1 — (Yoo —Yn1)

= 3,2(1 Ys 1(0) = (Y,2(0) — Y5,,1(0))
=Y,2(1) — Ys2(0) + Ys 2( ) = Ys1(0) — (Yn2(0) — Y5,1(0))
=Y;2(1) — Y, 2(0). (1.6)

T,

(=)

zs' #6 Justify each equality in this derivation.

Solution. The first equality follows from the definition of DID. The second
holds because (s,2) is treated and the three other cells are not. The third
is obtained by adding and subtracting Y;2(0). The fourth relies on the PT
assumption.?

1.1.5 Parallel trends is weaker than the assumptions underlying
treated-versus-control and before-after comparisons

DID identifies ATT under the PT assumption. For the treated-versus-control com-
parison in (1.2) to identify ATT, a sufficient condition is that

Y;4(0) =Y, ,(0) for all . (1.7)

This condition requires that s and n have the same untreated outcome levels,
whereas the PT assumption in (1.5) only requires that both groups have the same

2 As mentioned earlier, we abstract here from statistical uncertainty. When accounting for it, as we do in the
next chapters, the DID estimator differs from ATT though it is equal to it in expectation.
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untreated outcome trends. Thus, (1.7) is a stronger assumption than (1.5): if (1.7)
holds, (1.5) holds as well, but the converse is not true. For example, in Figure 1.1,
(1.5) holds but (1.7) does not: s and n have different outcome levels without treat-
ment.3

Similarly, a sufficient condition for the before-after comparison in (1.3) to identify
ATT is

Y;2(0) =Y,1(0) forall g. (1.8)

This condition requires that the untreated outcomes of s and n do not change over
time, whereas the PT assumption only requires that s and n experience the same
change in their untreated outcomes. For example, in Figure 1.1, (1.5) is satisfied
while (1.8) is not: in both groups, the outcome without treatment changes over
time.

1.1.6 Parallel trends remains a strong assumption, whose plausibility
should be assessed

To assess the plausibility of the PT assumption, researchers conduct pretrend tests,
also sometimes referred to as placebo tests, which consist of checking whether the
outcomes of s and n followed parallel trends before s was treated. Figure 1.2
illustrates two cases with three periods (¢t = 0,1,2). In the left panel, the trends
of s and n are perfectly parallel from period 0 to 1, before s was treated. This
suggests that the PT assumption is plausible: if the two groups followed parallel
trends before treatment, it may be reasonable to assume that they would have
continued to evolve in parallel between periods 1 and 2 had s not been treated.
By contrast, in the right panel, the trends of the two groups clearly diverge from
period 0 to 1, which calls into question the validity of the PT assumption.

Although useful, pretrend tests have two main weaknesses. First, one can only
test the PT assumption before treatment, not after, since the outcome without
treatment of s is no longer observable once s is treated. Parallel trends before
treatment suggests, but does not guarantee, that trends would have been paral-
lel afterward in the absence of treatment. Second, recent work has shown that
these tests often have limited statistical power: they may fail to detect trend differ-
ences large enough to substantially bias DID estimators (Roth, 2022). Thus, the
results of a DID estimation will be all the more credible when the pretreatment
DIDs are close to zero and estimated precisely, with a small statistical margin of
error.

$BEquation (1.7) is sufficient but not necessary for the treated-versus-control comparison in (1.2) to identify
ATT. The necessary and sufficient condition for this result is that (1.7) holds at ¢ = 2. This condition is
neither stronger nor weaker than (1.5). However, assuming (1.7) only at ¢ = 2 does not seem substantively
weaker than assuming this condition for all ¢t € {1, 2}. Indeed, (1.7) is testable at ¢t = 1, since s and n are not
treated at that date. It seems to us that when s and n have different outcome levels at ¢ = 1, few researchers
would be willing to assume that their outcome levels would have been identical at ¢ = 2 in the absence of
treatment.
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Panel A: Parallel pre-trends Panel B: Non-parallel pre-trends
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Figure 1.2: Illustrations of pretrend tests

1.1.7 Relaxations of parallel trends

In light of the above, there are at least three instances where one may want to relax
the PT assumption: (1) pretrend tests show that the outcomes of the two groups
were not following parallel evolutions before treatment; (2) pretrend tests fail to
reject the hypothesis that evolutions were parallel before treatment, but these tests
lack power; (3) pretrend tests are not rejected and have good statistical power,
but one suspects that even without treatment, trends would have diverged in the
posttreatment period, for example due to a shock (an economic or political crisis,
an epidemic) occurring at the same time as treatment, and affecting the treatment
and control groups differently.

Chapter 4 reviews the three main approaches in the literature to relax the PT
assumption. A first approach replaces the PT assumption with a conditional par-
allel trends (CPT) assumption: without treatment, treated and untreated units
with the same sociodemographic characteristics (for example) would have experi-
enced the same change in their outcome variable (see, e.g., Heckman, Ichimura and
Todd, 1997; Abadie, 2005). This assumption is weaker than the PT assumption:
under the CPT assumption, treated and untreated units with different sociodemo-
graphic characteristics can have different outcome trends. Nevertheless, controlling
for sociodemographic variables does not automatically increase results’ credibility.
Choosing which control variables to include gives the researcher significant leeway
to manipulate the estimated effect or its statistical significance, and there is evi-
dence that researchers do engage in p-hacking when making that choice. Adding
controls may only be justified when doing so makes pretrends substantially smaller.

W

A second approach uses so-called “interactive fixed effects”, “synthetic control”, or
“synthetic DID” estimators (see, in particular, Xu, 2017; Abadie, Diamond and
Hainmueller, 2010; Arkhangelsky, Athey, Hirshberg, Imbens and Wager, 2021).
These approaches substantially relax the PT assumption by assuming that the

For general queries, contact info@press.princeton.edu



© Copyright, Princeton University Press. No part of this book may be
distributed, posted, or reproduced in any form by digital or mechanical
means without prior written permission of the publisher.

1.1 The classical DID design: Chapters 3 and 4

potential outcome without treatment follows a factor model. At the same time,
these estimators only have proven theoretical guarantees when the number of pre-
treatment periods tends to infinity. Simulations suggest that their behavior can
be satisfactory with approximately 30 to 35 periods before treatment, but re-
searchers do not always have that many pretreatment periods in their data. An
additional difficulty is that these methods require choosing tuning parameters, but
available theory provides few operational guidelines for making these choices. On-
going work is addressing these two limitations, and constitutes promising research
avenues.

Finally, a third approach assumes that posttreatment differential trends cannot
exceed M times the largest differential trend observed before treatment, a so-called
bounded differential trends assumption (Manski and Pepper, 2018; Rambachan and
Roth, 2023). While intuitively appealing, this approach may lead to statistically
insignificant results, including when pretrends are small and precisely estimated.
Proposing estimation methods with greater statistical power under the bounded
differential trends assumption is another promising research avenue.

1.1.8 Application to the effect of the 2009 VAT reduction in French
restaurants on profits, prices, and wages

Figure 1.3, reproduced from Benzarti and Carloni (2019), presents DID estimates
comparing the evolution of the average of the logarithm of profits, in sit-down
restaurants and in takeaway restaurants, from year 2008, that precedes the reform,
to year t.

Figure 1.3: The effect of the 2009 VAT reduction on restaurants’ profits

Note: This figure, reproduced with permission from Panel E of Figure 2 in Benzarti and Carloni (2019)
© American Economic Association, shows DID estimates of, and 95% confidence intervals for, the effects of
the 2009 VAT reduction on restaurants’ profits, as well as pretrend estimates.
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ZJ #7 How is each point on the figure computed? Does the parallel trends as-
sumption seem plausible in this application? Did the reform increase, decrease,
or have no effect on, restaurants’ profits?

Solution. At ¢t = 2008, the estimate equals zero by definition, because 2008
is the reference year. At t = 2009, the estimate equals 0.2. This means that,
from 2008 to 2009, the average log profit increased by 0.2 more in sit-down
restaurants than in takeaway restaurants. Logarithmic increases can approx-
imately be interpreted as increases in relative terms. Then, profits increased
by 20% more in sit-down restaurants than in takeaway restaurants. Under the
PT assumption, this differential increase is caused by the reform, and one can
conclude that the reform increased the profits of sit-down restaurants by 20%.
This DID is statistically significant: the confidence interval represented by the
dashed lines around it does not contain zero. At ¢t = 2010, the estimate equals
approximately 0.3. This means that from 2008 to 2010, profits increased by
30% more in sit-down restaurants than in takeaway restaurants. The DID re-
mains above 0.2 in 2011, before decreasing in 2012. At that date, it remains
positive and above 10%.

The interpretation of these DID estimates as effects of the VAT reduction relies
on the PT assumption: without the VAT reduction, profits would have followed
the same evolution in both groups of businesses. The DID estimates at t =
2007, 2006, 2005, and 2004 test this assumption, by comparing the evolution of
profits in both groups before the reform. All these estimates are much closer to
zero than those after the reform, and except for that at ¢ = 2007, they are not
statistically significant. This suggests that the PT assumption is approximately
satisfied in this application.

Benzarti and Carloni (2019) then estimate the effect of the reform on the wages of
employees working in sit-down restaurants. They find a positive effect, but much
smaller than the effect on restaurants’ profits. Similarly, they find a small negative
effect of the reform on restaurants’ prices. Thus, the reform benefited restaurant
owners more than employees and consumers.

1.2 Beyond the classical DID design: Chapters 5 to 8

1.2.1 Two-way fixed effects regressions

In a classical DID design, it can be shown that the DID estimator equals the
coefficient on the treatment variable Dy in a linear regression of Y, ; on group
fixed effects, period fixed effects, and Dg . This regression is commonly called a
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“two-way fixed effects regression,” TWFER hereafter. Motivated by the equivalence
between TWFER and DID in a classical design, researchers have started running
TWFERs in more complex natural experiments, with non-binary treatments, and
where groups can experience several treatment changes at different times. Without
having explicitly formulated it, researchers probably hoped that in these contexts
as well, the TWFER estimator would be equivalent to a DID, and would rely only
on a partly testable PT assumption. Unfortunately, and as we will soon see, this
hope proved unfounded.

But first, let us illustrate the notion of a “complex” natural experiment, using a
concrete illustration that we will use as a running example in this section. Dur-
ing his visit to the United States at the beginning of the 19th century, Alexis de
Tocqueville was impressed both by the vitality of American democracy and by the
dynamism of the press sector. He then formulates the following conjecture: news-
papers have a positive effect on democracy (de Tocqueville, 1850). Almost two
centuries later, Gentzkow, Shapiro and Sinkinson (201la) provide a quantitative
test of this conjecture. They create a database containing, for a large number of
American counties, the voter turnout in presidential elections from 1868 to 1928,
and the number of newspapers in circulation in each county at each election. With
these data, one can use a TWFER to estimate the effect of newspapers on voter
turnout. The treatment here is the number of newspapers in circulation in county
g and year t. This is a non-binary treatment. This treatment is also non-absorbing:
a county can gain and then lose newspapers multiple times. We are thus very far
from the classical DID design described previously.

Beyond this example, TWFERs have become an extremely common method to
estimate treatment effects in economics. Of the 100 most cited articles published
by the American Economic Review between 2015 and 2019, 26 use a TWFER,
whereas only six use an RCT. Among these 26 articles, only two consider a clas-
sical DID design (de Chaisemartin and D’Haultfceuille, 2026). TWFERs are also
very common in political science: among all articles published between 2017 and
2022 in the American Political Science Review, the American Journal of Political
Science, and the Journal of Politics, 93 estimate a TWFER, but only nine do so in
the context of a classical DID design (Chiu, Lan, Liu and Xu, 2026). TWFERs are
also commonly used in sociology (see, e.g., Riittenauer and Aksoy, 2024) and in
medicine and epidemiology (see, e.g., McNamara, Wiegand, Burke, Sharma, Shep-
pard, Adjemian, Ahmad, Anderson, Barbour, Binder et al., 2022).

1.2.2 What does a TWFER estimate outside of the classical DID
design?

Under the PT assumption, a TWFER estimates a weighted combination of the
effects in each treated cell. Specifically, one can show that
TWFER= Y W,/ TEg,, (1.9)

(gvt):Dg,t5é0
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where TE,; is the treatment effect in cell (g,t) and W, is the weight that the
TWFER gives to this effect (de Chaisemartin and D’Haultfoeuille, 2020). The
weights W, ; have three properties: i) they sum to one, ii) they can be negative,
iii) they can be computed from the data. We compute the weights in our running
newspaper example and find that the effects of newspapers receive negative weights
in half of the county—year cells. Moreover, these negative weights are substantial,
summing to —0.47.

The result in (1.9) has two consequences. First, outside of the classical DID design,
the PT assumption is not sufficient for a TWFER to estimate ATT. Second, when
some weights are negative, a TWFER does not estimate a convex combination of
causal effects. Then, it is possible to obtain, say, a negative coeflicient even if the
treatment effect is positive in each cell (g,t). For example, we have that

2x1+(-1)x3

is a non-convex combination of two positive numbers, 1 and 3, with weights 2 and
—1 that sum to 1. Yet, this non-convex combination yields a negative result, —1.
Thus, a TWFER can give a very biased measure of the treatment effect, potentially
even producing a sign opposite to the true effect. In our example, if the effect of
newspapers on turnout is positive in all county—year cells, but this positive effect
is larger in cells whose effect is weighted negatively by the TWFER, the regression
can yield a negative coefficient.

Let us give some intuition for the result in (1.9), by returning to our simple example
with two groups of units s and n. Now, instead of assuming that we are in a
classical DID design, where s goes from untreated to treated from period one to
two (Ds,1 =0, Dy 2 = 1), while n remains untreated (D,, 1 =0, D,, 2 = 0), we leave
the design nearly unrestricted. The treatment may be non-binary, both s and n
might already receive a non-zero treatment dose at period one, and both s and n
could experience a change in their treatment from period one to two: D, = ds 1,
DS,Q = d572, Dn71 = dn,ly and Dmg = dn,g, where ds,la ds,g, dn,l, dmg are arbitrary
positive real numbers. In the newspaper example, s could be a county going from,
say, one to three newspapers, while n has, say, two newspapers in both periods.
Letting DIDp = ds 2 — ds 1 — (dy,2 —dy,1) denote a DID comparing the evolution of
the treatment of s and n from period one to two, we only assume that DIDp # 0:
s and n do not experience the same treatment evolutions. Then, one can show that
the treatment coefficient in a TWFER  is equal to

Y;,2 - Y@,l - (Yn,2 - Yn,l)
DID

, (1.10)

our usual DID estimator divided by DIDp. Let Y} +(d) denote the potential outcome
of cell (g,t) under treatment d. Let TE,; = (Y},:(dg+) — Y5,:(0))/dg, be the slope
of the potential outcome of group g at period ¢, between a treatment of zero and
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1.2 Beyond the classical DID design: Chapters 5 to 8

its actual treatment dy ;. As TE,; is a slope, it can be interpreted as an effect of
increasing the treatment by one unit. Then, one has that

YS,Q - Ys,l - (Yn,Q - Yn,l)
DIDp
_ Yso(ds2) = Ys1(ds1) — (Yn,2(dn2) — Yn,1(dn,1))
- DIDp
Y 2(ds,2) —Ye,2(0)— (Ys,1(ds,1) —Ys,1(0)) — (Yan,2(dn,2) — Y0 2(0) — (Yn,1(dn,1) — Yn,1(0)))
DIDp
Y5,2(0) = ¥5,1(0) = (Yn,2(0) — ¥4,1(0))
DIDp
Ys2(ds,2) —Ys,2(0) = (Ys,1(ds,1) = Ys,1(0)) — (Yan,2(dn,2) = Yn,2(0) — (Yn,1(dn,1) — ¥n,1(0)))
DIDp
_ ds2 Ys2(ds2) — Ys,2(0) n —ds,1 Ys,1(ds,1) — Y5,1(0)
DIDp sz DIDp don
7dn,2 Yn,Q(dn,Q) - Yn,Q(O) + dn,l Yn,l(dn,l) - Yn,l(O)
DIDp dn,2 DIDp dn 1
ds,2 _ds,l _dn,2 dn,l

- TE,
DD, 2t DD, DIDp DIDp

+

TEs,l + TEn,Q + TEn,l- (].].].)

;-_' #8 Justify each step in the previous derivation.

Solution. The first equality holds because Ds 1 = ds 1, Ds.2 = dg.2, Dp 1 = dp 1,
and D,, o = d;, 2. The second equality follows from adding and subtracting the
untreated potential outcomes Y; 2(0), Y5 1(0), Y5, 2(0), and Y,, 1(0). The third
equality follows from the PT assumption. The fourth equality follows from
rewriting, say, Y 2(ds 2) — Y5.2(0) as ds 2 X [(Ys,2(ds,2) — Ys,2(0))/ds 2], and from
rearranging terms. The last equality follows from the definition of TE, ;.

Equation (1.11) implies that in this simple example, under the PT assumption the
TWEFER estimates a weighted combination of TE; 2, TE; 1, TE,, 2, and TE; ;, with
weights ds 2/DIDp, —ds1/DIDp, —dy 2/DIDp, and d, 1/DIDp, that sum to one
but where two weights may be negative. See Lemma 1 of de Chaisemartin (2011)
for a closely related result.

The intuition for (1.11) is as follows. Under the PT assumption, if none of the four
cells had been treated, the outcome trends of s and n would have been parallel, so
DID would have been equal to zero. In a classical design, under the PT assumption
the only reason why s and n can exhibit different trends is that cell (s, 2) is treated,
so DID identifies the treatment effect in that cell. By contrast, in a more complex
design, where all four cells may be treated, differences in trends can be driven by
the treatment effect in any of the four cells. Accordingly, (1.11) expresses DID as a
weighted sum of the treatment effects in the four cells.
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18 Chapter 1 Introduction

Equation (1.9) calls into question the use of TWFERs to estimate treatment effects
in complex natural experiments. Consequently, the methodological literature has
endeavored to propose so-called heterogeneity-robust (HR) DID estimators, that
rely on a PT assumption, like TWFERs, but that remain valid even if the treatment
effect varies across space and / or time, unlike TWFERs.

1.2.3 Heterogeneity-robust DID estimators
1.2.3.1 Staggered adoption designs

Consider first the special case of a binary, absorbing treatment with staggered
adoption timing, a so-called staggered adoption design. For example, free trade
agreements fall into this framework: the treatment is binary (either two countries
have an agreement binding them, or they do not), absorbing (since World War II,
there are very few examples of countries signing an agreement and then reversing
course, although this situation may change soon), with staggered adoption timing
(not all countries sign agreements at the same time).

In this special case, it can be shown that the treatment coefficient in a TWFER
can be written as a convex combination of two types of DIDs: DIDs that compare
a group becoming treated to a group that is not, and DIDs that compare a group
becoming treated to a group that is already treated (Borusyak and Jaravel, 2017;
de Chaisemartin and D’Haultfoeuille, 2020; Goodman-Bacon, 2021). The undesir-
able properties of TWFERs come from this second type of DIDs, which have since
been dubbed “forbidden comparisons”. Returning to our simple example with two
groups, if s becomes treated (D1 = 0 and D, o = 1) while n is already treated
(Dpy =1and D, =1), then DIDp =1 and (1.11) reduces to

DID = TE, » — (TE, 2 — TE,,1).

The previous equation shows that under the PT assumption, a DID comparing a
group becoming treated to a group that is already treated identifies the effect of the
treatment in the group becoming treated, plus the change of the treatment effect in
the group already treated. Then, such DIDs are only valid if the treatment effect in
the already-treated group does not change over time, an assumption that is often
implausible.

Therefore, to obtain an HR estimator, it suffices to use only the first type of DIDs,
those that compare a group becoming treated to a group that is not or not yet
treated (de Chaisemartin and D’Haultfeeuille, 2020; Sun and Abraham, 2021; Call-
away and Sant’Anna, 2021b).

1.2.3.2 Heterogeneous adoption designs

Consider next the special case of a natural experiment with two periods, where
no unit is treated during the first period, and where treated units receive different
doses of treatment in the second period, a so-called heterogeneous adoption design.
For example, when a country raises its minimum wage, firms are more or less

(continued...)
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