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Preface


This book discusses the theory and practice of applied microeconometrics. In particular, the book aims to provide an overview of microeconometric methods frequently used for causal inference in applied research. Throughout the book, we will examine the range of tools that an applied microeconometrician, or any social scientist using quantitative methods with micro-level data, needs in their tool kit. This includes experimental methods, as well as observational methods such as difference-in-differences designs, regression discontinuity designs, instrumental variable methods, and machine learning–based causal methods, among other themes.

The book is targeted at a graduate level and assumes some familiarity with econometrics, including tools from statistics and linear algebra. Nevertheless, the book builds up the methods discussed from first principles, laying out key assumptions for causal analysis and a range of considerations that an applied researcher will need to know. In this sense, the book seeks to serve practitioners of microeconometrics and social scientists generally. It thus may suit a range of readers who seek a rigorous treatment of causal methods, including master’s (or very advanced undergraduate) students, PhD students, and researchers who may be well out of graduate school and seeking an up-to-date compendium on the practice of applied microeconometrics.

This book can serve as a reference manual, but it can also be structured around a one- or two-semester sequence in applied microeconometrics. While chapters 1 and 2 provide the foundation of later chapters and should be covered in any course, chapters 3–6 could be considered in a different order in a course without losing too much flow. In a one-semester course, covering the entire book may be a stretch, though certain later chapters that cover slightly more advanced themes could be left for further reading. In a two-semester course, readers could delve into this book in a much deeper way, in particular making the most of a range of the applied materials and coding resource discussed below. Throughout this book, there is substantial leeway to work with real data; among questions and the applied coding examples, data from fifty-one papers have been provided in a ready-to-use fashion. These data are based on real studies conducted over the past three decades, including classic empirical papers focused on causal methods, as well as recently published papers from a range of highly visible journals in economics. In a two-course sequence, these materials could be used at length, along with introductions to a chosen computer language among those introduced in the website the accompanies this text.


Using This Book

This book aims to cover the requisite theory while also delving into the applied considerations relevant for research. I believe that the best way to learn this in practice is to explore real papers and data, and for this reason, an accompanying series of examples from real papers is provided as an online resource that can be freely consulted with the book. This website is available here: https://www.damianclarke.net/books/microeconometrics

Apart from applied examples, this site also provides a full discussion of how one can get up and running with the methods discussed in this book in multiple statistical languages. This includes a primer on each language, discussing the necessary elements to implement the estimators and methods explored in this book. At the time of the printing of this book, this site provides a full set of resources in Python, R, and Stata. These languages are covered due to their widespread use in applied microeconometrics, and given that all of the tools discussed in this book are available in each of these languages. These are also languages with active development communities, such that new econometric methods, including many recent methods discussed in this book, are quickly incorporated into the code base.

At times, more elaborate empirical or simulated examples to support the methods discussed in the book are provided on this site. In particular, these are included as highlighted code callouts in each chapter. These are all provided in each of the languages discussed above in the accompanying website.

While the book is a stand-alone text focused on the central elements of applied microeconometrics, it assumes that readers have taken previous econometrics courses and are comfortable with econometric theory typically taught in the first year of a masters program. Thus, this book should not be viewed as a substitute for such foundational econometrics texts. For this reason, at the end of each chapter, a short set of key texts are mentioned that both provide further historical context to the methods discussed in each chapter, as well as further reading on any key points that are likely covered in typical textbooks covering econometric theory.

End-of-chapter exercises typically require the use of data from real papers. All datasets required are available as csv and dta files on the book website. For a discussion of exactly how to download data directly into the language you are using, refer to the data section of the website at https://www.damianclarke.net/books/microeconometrics/data.
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1
Identifying Causal Effects




I saw my life branching out before me like the green fig tree … From the tip of every branch, like a fat purple fig, a wonderful future beckoned and winked.

—Silvia Plath, The Bell Jar





1.1  Introduction

What shapes human well-being?  Do more engaged teachers increase children’s learning? Do minimum wage hikes reduce employment? Does democracy cause growth? The study of economics is the study of human behavior, and in practice, many of the questions we wish to answer are related to causal effects. This book describes how causal methods are employed in economics, and more broadly within the social sciences, to answer questions such as these.

One thing that distinguishes economics from other fields interested in causal methods, such as physics or medicine, is that a considerable proportion of the phenomena whose causal effect we wish to isolate may not be easily manipulable by researchers. For example, consider variables such as exposure to changing climates or extreme weather events, whether a country adopts a democratic regime, or the total amount of schooling an individual accrues during their life. These variables are of major relevance to economic policy, but there is no way for these to be precisely manipulated by researchers in a laboratory. At the same time, there are many creative studies that have experimentally manipulated variables that are of first-order importance for policies, ranging from settings as broad as race and labor market outcomes (Bertrand and Mullainathan 2004) to the national-level application of conditional cash transfers (Schultz 2004). The breadth of phenomena under study, and the need to interact with both observational and experimental settings, points to the importance of having a clearly defined framework of causal analysis.

The importance of questions of causality has been reflected in at least two recent Nobel Memorial Prizes in Economics. In 2019, Abhijit Banerjee, Esther Duflo, and Michael Kremer were awarded this prize for applying experimental methods to questions related to global poverty, and in 2021 the work of Joshua Angrist and Guido Imbens, who were awarded the prize alongside David Card, was explicitly highlighted for its “methodological contributions to the analysis of causal relationships.” These are unlikely to be the last Nobel Prizes in this vein. However, beyond these specific themes elevated by the Nobel committee, work on causality is seen in fundamental questions in all fields of economic endeavor where microeconometric methods are used. To consider a number of emblematic examples that employ methods we will discuss throughout this book, Miguel and Kremer (2004) and Baird et al. (2016) consider the causal effect of deworming treatments on child well-being in the short and long term, Dell (2015) studies how a government’s decision to fight drug crime can fuel large-scale violence, LaLonde (1986) and Dehejia and Wahba (1999) wish to isolate the impacts of labor training programs on subsequent earnings, Dobbie, Goldin, and Yang (2018) seek to isolate the effect of pretrial detention on conviction and future crime, and Acemoglu, Johnson, and Robinson (2001) and Chernozhukov et al. (2018) tackle the question of whether institutions affect economic output in the long run. These are of course just a select few examples. Indeed, if you open up a recent issue of one of your favorite economics journals, it is exceedingly likely that empirical findings purporting to isolate causal effects of some variable on some other variable will be reported. And the confluence of improved computational tools, considerable advances in microeconometric methods, and a massive increase in data collection and availability has meant that these methods are growing in importance across analyses in microeconomics as documented by Currie, Kleven, and Zwiers (2020).

What’s more, these questions are of importance not only for the way we understand human behavior but also for the way policies are designed and the way the world is run. Organizations such as J-PAL, an academic center focused on poverty alleviation, work to map evidence into policy changes, seeking to both evaluate policy and scale up successful programs. Many governments have their own policy analysis units and interact closely with academic research. Private companies are increasingly incorporating causal tools into their product design and workflow—for example, using A/B testing to compare between potential features in products.

In this chapter we will lay out a general framework for considering causality that is widely adopted in economics, given its flexibility to interact with the range of settings in which causal effects are of interest. This chapter will be entirely focused on outlining this theory and key assumptions and definitions that will be required throughout the rest of the book, while the remaining chapters will refer back to this theory when relevant in discussing how to estimate effects in practical settings.



1.2  A Framework for Causal Analysis

In the early days of studies of causality in observational settings, the pioneers developed a robust and flexible framework for thinking about causal relationships. The workhorse framework for causal analysis in microeconometrics is the so-called Rubin Causal Model (RCM). At its heart, this model is relatively simple, but as we will see throughout this book, it provides a powerful way to help us think about causality across a very broad range of observational and experimental settings.

The RCM breaks down our understanding of causality into two separate parts. A first part of the model is the potential outcome framework, which provides us with a way to think about causal effects. And a second part is an assignment mechanism, which describes how treatments are assigned to units, and the nature of the “experiment” or event that generated the data with which we work. We will examine these two parts in turn.


1.2.1  Potential Outcomes

The first part of the RCM is the potential outcome framework. The most primitive elements we require to begin defining causal effects are three: units, treatments, and potential outcomes. Units refer to physical objects, such as individuals or firms, at a specific point in time. A treatment refers to some action or manipulation that can be applied to or withheld from units. And potential outcomes refers to some theoretical measure of interest for each unit under alternative states of treatment.

To provide some notation to describe this, we will define Wi as a random variable for each individual i that takes a value of 1 if unit i receives some particular treatment of interest, and 0 if they do not. You will note here that we are working with a binary measure of treatment, and throughout much of this book we will focus on the binary treatment setting given its practical importance. However, it is worth highlighting that this notation can be expanded to consider multivalued treatments, as we lay out in section 1.3.2. While often Wi = 1 is assumed to imply some particular active version of treatment and Wi = 0 is assumed to represent some control condition where treatment is not assigned, this setting can also house alternative situations, such as individuals exposed to two alternative treatment regimes.

Depending on the phenomenon under study, we will be interested in some particular outcome, which we will denote as Yi. The logic of the potential outcomes framework is that each individual i will have two potential outcomes. These outcomes are denoted using random variables Yi(1): the outcome for individual i should they receive treatment, and Yi(0): their outcome should they not receive treatment. You will note that this definition simply refers to the two possible states of the world for individual i, and refers to outcomes that could eventually be observed if an individual were exposed to a particular treatment regime. We are not yet discussing the outcomes that are actually observed, but rather simply defining, at an individual level, a theoretical quantity under the two potential treatment states, regardless of which treatment state is eventually assigned. Throughout this book we will adopt this notation of Yi(0) and Yi(1) to refer to potential outcomes, though you may also see this written in varying ways in the literature, such as Yi0 and Yi1.

These potential outcomes are very useful, because they allow us to formally define what we mean by a causal effect. A causal effect of treatment for an individual i is simply defined as the following quantity:

[image: ]

This quantity τi is a theoretical object of interest for us. If we were able to observe it, it would tell us for any particular individual what was the effect of having received treatment Wi instead of the control condition. This is our definition of a causal effect, and it would be a remarkably useful quantity to be able to isolate if we were able to observe it for every individual.

While this setting likely feels very broad, you may note that we are already placing some limits on what we can consider as a causal effect. Specifically, we are requiring that the states of the world are able to differ. Making causal statements requires that the treatment is able to be manipulated. This is expressed by Holland (1986, 959) with the motto that he also attributes to Rubin of “No causation without manipulation” (indeed, a similar though less pithy statement of this is provided in Rubin [1978, 38]). What this aims to make clear is that if some characteristic cannot be manipulated in the sense that an individual could not—in theory—be observed in two states of the world, then it is not correct to talk about this characteristic being a cause.

While this may seem like it could substantially limit the factors we can consider as treatments, creativity in the design of manipulations, including work in both the lab and field, has meant that often phenomena that at first glance may appear to be outside of the scope of causal analysis are now widely viewed as questions that can be cast in causal terms. To see one illustrative example, consider the “manipulation” of individual characteristics such as gender or race and their impact on labor market outcomes like job offers. Such individual characteristics are not obviously manipulable, at least in the way that is feasible in an economic study on labor market outcomes. However, if focus is slightly changed from manipulating individual characteristics to manipulating responses to questions on job application forms, it becomes apparent that questions of this scope could absolutely be considered in a causal fashion.1 Such questions have been taken up in a number of influential papers where race, gender, or other factors such as ethnicity are manipulated on résumés holding other factors constant (Bertrand and Mullainathan 2004; Neumark 2018). These studies, known as correspondence studies or audit studies, are examples of cases where the “no causation without manipulation” lemma can be respected in an empirical design, despite the fact that the underlying factor of interest is not easily manipulable.

While (1.1) provides us with our formal definition of a causal effect, this does not imply that we can simply estimate a causal effect in this way. Indeed, in looking at (1.1) and thinking about the potential outcome framework, we come across a problem. This problem is that at any point in time, only one of these potential outcomes will actually be observed. We now define as Yi the observed realization of the outcome for unit i. Ex post, observed Yi will be:

[image: ]

At this point it is worth explicitly making note that both of these outcomes together will never exist for a given i. If an individual is assigned to treatment, we observe Yi(1), which precludes us from observing the counterfactual state Yi(0). Conversely, if an individual is not assigned to treatment, we will never observe the counterfactual state in which the same unit has received treatment. The mechanics of translating potential outcomes into observed data can also be seen via the following “switching” equation:

[image: ]

When treatment “switches on,” Wi = 1, and the realization of Yi = Yi(1). But when treatment is “switched off,” Wi = 0, and the realization of Yi = Yi(0). This is what Holland (1986) calls the “fundamental problem of causal inference”: For the individuals whom we observe under treatment, we have to form an estimate of what they would have looked like if they had not been treated. This is a point that we will discuss in theory in section 1.4, and then in a more practical way for the rest of this book.



1.2.2  The Assignment Mechanism

Thus, while the potential outcomes portion of the RCM allows us to define a theoretical causal effect, we do not yet have the mechanics worked out about how to isolate this effect from data we actually observe in the real world. For this, we must understand the assignment mechanism. Simply stated, the assignment mechanism describes how treatment is assigned in terms of both potential outcomes, as well as covariates. Unlike the potential outcomes framework, which is based on a theoretical construct, the assignment mechanism is actually a probabilistic model of how treatment is assigned.

That assignment may depend on potential outcomes themselves was a point first noted in Rubin (1975). Following the notation defined previously, and using Xi and εi to define observed covariates and unobserved factors, in general we have that the assignment mechanism can be represented as follows:

[image: ]

where f(·) is the function that describes how treatment is assigned (the “assignment mechanism”). The fact that the assignment mechanism may depend on observable characteristics does not mean that it must do so. Assignment mechanisms can be features of an experimental design: For example, individuals could be randomly assigned to one treatment or another by us as researchers, in which case, by virtue of randomization, there would be no relationship between treatment and observable characteristics or potential outcomes. Alternatively the assignment mechanism may be a more complicated economic or political decision-making process. For example, if individuals are freely allowed to determine whether they sort in to some treatment, we would expect that they should precisely consider their potential outcomes when deciding whether to opt into treatment or not. We also may sometimes have a mixture of the two—for example, when we have a randomized controlled trial (RCT) but where individuals can opt out of receiving treatment (i.e., an RCT with imperfect compliance).

Another way to look at this is as in Rubin (1974), where he describes causal inference as a missing data problem. Our challenge is in imputing what would have happened to the treated unit had they not received treatment, and the assignment mechanism describes the missing data mechanism: Which observations are missing data on what would have happened had they received treatment, and which observations are missing data on what would have happened had they not received treatment? This view of the assignment mechanism as a missing data mechanism is useful, as it allows us to think about potential selection into or selection out of treatment. As we will see throughout the rest of this book, the appropriateness of alternative estimators will hinge crucially on whether our assumptions related to the assignment mechanism are correct. For example, if we assume that a treatment is randomly assigned, where instead there is some sort of nonrandom selection into treatment, our estimates of the impact of receiving treatment will presumably be biased given that we will assume that apart from treatment, all else will be equal between treated and untreated units. A similar conception is provided by Heckman and Vytlacil (2007), who seek to carefully separate the “the evaluation problem” (the fundamental problem of causal inference) and the “selection problem,” which refers to the fact that the assignment mechanism may depend on individual choice to select into or out of treatment.




1.3  Treatment Assignment and the Stable Unit Treatment Value Assumption

Inherent in the idea of an assignment mechanism is the assumption that a unit is effectively assigned to either treatment or control status. It turns out that we need to be quite careful with what we mean about this, and it is important to formalize the details of treatment assignment and think about some potential issues that may crop up regardless of the empirical setting examined.


1.3.1  SUTVA

A key assumption that we will employ throughout this book (unless otherwise indicated), and which is generally applied either explicitly or implicitly in papers, is the stable unit treatment value assumption. This assumption, typically referred to as SUTVA, was first defined in Rubin (1980b) and formalized in Rubin (1986). Formally, the SUTVA can be stated as follows:


Assumption 1. Stable Unit Treatment Value Assumption (SUTVA)

(A) The potential outcomes Yi(0), Yi(1) for any unit i are independent of [image: ], namely:

[image: ]

for all possible values of [image: ], where [image: ] refers to the vector of treatment assignments for all units apart from i.

(B) The potential outcomes are the same no matter what mechanism is used to assign treatment to unit i.



This assumption then nests two subcomponents, each of which places certain limits on the nature of treatment.

The first consideration, labeled (A) above, is that there can be no interference between units: An individual responds to their own treatment status, Wi, but the treatment assignment of other individuals, [image: ], has no bearing on what happens to individual i, and hence can be omitted from the potential outcome.2 This rules out situations that may be empirically relevant in certain settings. Most importantly, this no-interference condition in SUTVA requires a number of circumstances to hold. Firstly, it requires that there are no externalities from treatment—that is, no benefits or costs from treatment spillover from treated units to control units, or from one treated unit to another. When treatment is localized to units that are quite geographically or otherwise disperse, this assumption is likely to be reasonable, but when units are exposed to other treated and untreated units in close proximity, this may be questionable in certain settings. For example, consider the case of vaccination campaigns. Part of the goal of vaccination is to induce a response of herd immunity, where the fact that some other individuals are vaccinated makes it less likely that any particular individual will be exposed to a disease, and hence there are gains from direct spillovers, implying SUTVA would be violated.3 Secondly, the no-interference condition implies that there must not be general equilibrium effects of the policy. General equilibrium effects refer to cases where the impact of the policy itself at the micro level in aggregate is large enough to generate macro-level impacts, which potentially reinforce or crowd out micro-level impacts. One such example is discussed by Heckman, Lochner, and Taber (1998). They note that a large subsidy program for university tuition—while likely raising wages for individuals who go to university—would alter the productive structure of the economy. If many more individuals begin attending higher education, the wage premium for higher education would go down, which is an example of a general equilibrium effect. This is at odds with the partial equilibrium effect of a tuition policy, which is the effect maintaining all else constant.

Beyond this no-interference element of SUTVA, there is a second element, labeled as (B) in assumption 1. This part of the assumption requires that there are no hidden or “unrepresented” (Rubin 1986) versions of treatment. It refers to the fact that there must be a single type of treatment, and no matter how treatment is assigned, the same potential outcome will be observed. If, on the other hand, there are actually different versions of treatment (for example, a high-dose and a low-dose response), this assumption will not be met. Other situations in which we may be concerned that this second element of SUTVA is violated is if there is a single type treatment, but the treatment is delivered by more or less efficient providers such that there is “hidden variation” in treatment. If we are concerned that such violations exist in practice, treatment will likely need to be either redefined into a more general definition or the problem will need to be restated as a multivalued treatment (refer to section 1.3.2).

Failures of SUTVA When SUTVA fails, there are a number of ways in which we may proceed. A first typical response is to change the unit of analysis, so as to internalize the externality. For example, if we are concerned that spillovers or treatment externalities may occur, but that these spillovers only occur locally, we may wish to aggregate our treatment up to a higher level. For example, if we are interested in assessing some educational policy but are concerned that there may be interactions among students in a classroom, we may wish to randomize treatment at the level of the classroom rather than the student; see, for example, Chetty et al. (2011) for an analysis of a classroom-level treatment. Similarly, if we are concerned that spillovers may occur more broadly, we may wish to consider treatments assigned at the level of villages or communities; see, for example, Schultz (2004) for an analysis of Mexico’s PROGRESA conditional cash transfer program targeted at the community level. A second option where SUTVA fails is to seek to estimate the externalities directly. For example, we may consider that there are some units that can act as pure controls, others that are directly treated, and others that are potentially exposed to some treatment spillovers. See in particular Miguel and Kremer (2004) for a paper that grapples with such externalities. Further discussions related to SUTVA and policy evaluation are available in Angelucci and Di Maro (2016). Unless otherwise specified, throughout this book we will assume that SUTVA holds, and we provide a complete discussion of loosening this assumption in chapter 8.



1.3.2  More on Treatment

1.3.2.1  Multivalued treatments In certain circumstances, rather than being binary in nature, a treatment may be multivalued or even continuous. For example, rather than considering treated and untreated units, we may wish to consider treatments of both high and low intensity, as well as an untreated control. In cases such as these, the effects of treatment can be thought of as a dose, and the resulting impacts as giving a dose response function, where we wish to determine what will be the impact of receiving a higher dose of treatment compared with a lower dose of treatment.

In cases where we wish to house potentially multiple treatment levels, we can slightly generalize the notation from the potential outcomes laid out in section 1.2.1. To do this, we define a set of potential outcomes Yi(t) for t∈𝒯. Up to this point, we have considered [image: ] as the standard binary treatment setup. However we may also be interested in cases where treatment can be multivalued: [image: ], as laid out in Imbens (2000) or even continuous, which is implemented as [image: ] in Hirano and Imbens (2004). Note in this case that whereas previously we had two potential outcomes and we only observed one of these, now we will have multiple potential outcomes (and we observe only one), where observed Yi is simply the potential outcome for each individual in their realized treatment assignment: Yi≡Yi(Ti).

For the time being, we will note that extending the workings of the RCM is not necessarily notationally challenging as we can see here, but additional complications are likely to arise when we wish to quantify the effect of exposure to varying treatments. The degree of complexity will depend on how the assignment mechanism operates, and throughout the rest of the book, while principally focusing on binary treatments as a workhorse case, we will provide some consideration of multivalued treatments where relevant, including formal definitions of quantities of interest in section 1.4 below.

1.3.2.2  The nomenclature of treatment The language of the RCM lends itself to thinking about a particular “treatment,” where assignment refers to the receipt of treatment. Often, this will gel perfectly with the particular setting we are interested in studying. For example, in a randomized control trial, often one group of individuals will be assigned a particular treatment of interest. Such cases include assignment to receive vocational training receipt (Attanasio, Kugler, and Meghir 2011), or even cases where treatment refers to some medical treatment (Miguel and Kremer 2004). In these settings it is easy to see that treatment is an active state, and this will be compared to a passive state in which treatment is not received or where only some sort of placebo treatment is assigned. In such cases where there is clearly a treated and an untreated group, the term “control” is often used to refer to the untreated group. However, at other times it is not necessarily true that one group will receive an active treatment and another will be in a passive control group. For example, we may wish to compare between two states, such as entering one profession rather than another, or opting to continue with studies versus entering the labor market. In such cases, what is important is that we are clear that we are considering two potential outcomes, and our “treatment effect” will refer to the impact of having been assigned to one group rather than another.

1.3.2.3  Undesired effects of treatment assignment: John Henry effects, Hawthorne effects, and experimenter demand While not explicitly built into SUTVA, the importance of effects and one’s own treatment status is something that we will want to think carefully about when considering the scope of results. Both John Henry effects and Hawthorne effects will lead to a situation where we may assign to the treatment an effect that is not actually due to the substance of the treatment, but rather due to the assignment of treatment and control status itself. Hawthorne effects, also known as placebo effects, refer to the case where individuals simply respond to receiving a treatment, regardless of what the treatment may be. The converse of Hawthorne effects are John Henry effects. John Henry effects refer to cases where individuals respond to the fact that they are assigned to the status of control group. Both situations are named for circumstances in which such effects are popularly believed to have occurred, one for research occurring in the early twentieth century at the Hawthorne Western Electric plant in Illinois and the other the legendary railroad steel-driver John Henry, who worked on the US railroads in the late nineteenth century. In the case of Hawthorne Electric, a number of studies were conducted where levels of illumination were changed in the plant, and worker output was observed. The popular narrative (though refer to Levitt and List [2011] for a reexamination) is that when light levels were varied, productivity increased, even when illumination returned to original levels. What’s more, productivity was observed to decline when individuals were no longer study participants. This led to the conclusion that workers were actually responding to the fact that they were being studied, rather than to the particular inputs being varied. And in the case of John Henry effects, the narrative (see Saretsky [1972]) is that when steam drills were experimentally introduced to potentially replace human steel drivers in the construction of railroads, the steel driver John Henry worked with such intensity that, while he was more effective than the steam drill, he died of overexhaustion, suggesting that he altered his behavior as a response to being the “control” in the study of the steam drill. In both cases, it is important to note that if such patterns occur, this will confound the true impact of the underlying treatment of interest.

Related concerns exist if data collection occurs in a way that makes experimental subjects believe that they are expected to behave in certain ways, which are different to the way they would behave if they were not being studied. For example, individuals may respond to a treatment in the way they believe researchers would like, a situation known as experimenter demand effects, or may generally present themselves in data in a way they believe is expected, a situation known as social desirability bias. While lab evidence suggests that experimenter demand effects may be limited (Quidt, Haushofer, and Roth 2018) evidence shows that individuals respond to enumerator characteristics (see for example Cilliers, Dube, and Siddiqi [2015]). A range of actions that can be taken to potentially minimize such effects have been proposed as discussed in Dupas and Miguel (2017) and Zizzo (2010), among others.




1.4  Estimands of Interest


1.4.1  Average Causal Effects

You will note in equation 1.1 that the RCM refers to individual-level causal effects, but given that we always have one missing counterfactual outcome to infer, estimation of treatment effects can only occur based on grouped data. While it is not possible to observe information on treated and untreated potential outcomes for a single observation, it is possible to observe averages over treated and untreated units within groups, and, depending on assumptions related to the assignment mechanism, these quantities may be useful to allow us to estimate the impact of treatment at a group level. However, when moving from individual- to group-level data, there are a number of possible treatment effects that may interest us.

In the general framework laid out so far, we have not assumed that potential outcomes (Yi(0), Yi(1)) are the same across all individuals, or even that the difference between the potential outcomes is constant across individuals. In practice, the impact of exposure to some treatment may be highly heterogeneous across individuals, which opens up a range of potential quantities that may be of interest.

The two most frequently reported quantities of interest are the average treatment effect (or ATE) and the average treatment effect on the treated (ATT, at times also referred to as ATET). These quantities are defined as follows:

[image: ]

for the ATE, and:

[image: ]

for the ATT. The first of these, the ATE, represents the average improvement that would be experienced by all members of the population under study, if they were all treated. The ATT, on the other hand, is the average treatment effect actually experienced in the sub-population of those who received treatment. Depending on the setting we are considering, the statistic we will be interested in will likely vary. For example, if we are interested in assessing the impact of a targeted antipoverty program, it seems unlikely that we would be interested in the ATE in the whole population, many of whom are not eligible for the program, and would likely prefer the ATT. On the other hand, if we were aiming to assess the impact of a program that is planned to roll out to the whole population over time, the ATE is precisely what we would like to know. Except in particular circumstances, the ATE and the ATT will generally not be the same. To see why this is the case, consider analyzing the effect of obtaining secondary schooling on subsequent income. The returns to secondary schooling will vary by individual: Those with greater natural ability or connections in the labor market may be better placed to benefit from additional schooling. If it is also the case that those who end up receiving schooling are those with higher returns, then the ATT will be greater than the ATE. Such concerns are central to the “scaling up” of successful interventions: If the ATT and the ATE differ, then intervening to obtain complete coverage may not yield the expected results.

It is also important to note the difference between the ATE and the ATT in a practical sense. If we wish to isolate an ATE, we must infer a counterfactual untreated state for each treated unit and a counterfactual treated state for each untreated unit. That is, for the entire population, we must infer the counterfactual outcome. However, if we wish to isolate an ATT, we only need to infer the counterfactual (untreated) outcome for each treated unit, as we are simply concerned about average effects on the treated. The fact that the ATE “requires more” than the ATT can be seen by rewriting the ATE from (1.5) in terms of the ATT in (1.6):

[image: ]

In the above we clearly see that the first quantity in the ATE is the ATT, along with additional quantities, namely the probability of treatment receipt, and another treatment effect. In comparing (1.7) to (1.6), it is thus clear that arriving to an ATE requires information (and most likely) assumptions that are not required to arrive to an ATT.

While the ATE and ATT are the most frequently encountered quantities of interest, and are likely what we wish to estimate in many cases, we may certainly be interested in other alternatives. A counterpart to the ATT is the ATU, or average treatment effect on the untreated, which it turns out is the second component of our ATE defined in (1.7). This is defined exactly like the ATT, however in this case for the untreated:

[image: ]

implying that we must seek the treated counterfactual (Yi(1)) for all untreated individuals. What’s more, treatment effects of interest need not stratify only on an individual’s treatment status. We may also be interested in how these effects vary over some other covariate of interest. In this case, we will be interested in a conditional average treatment effect (CATE), as defined below:

[image: ]

where we use τ(x) to note the dependence of the treatment effect on a particular realization of covariates. Such treatment effects may be of interest if we believe our treatment is likely to be particularly efficacious for certain groups, or if we are concerned about particular distributional implications of policies.

You may note that all the above treatment effects assume a binary treatment, implying that for a particular type of effect, we can speak of one average treatment effect. In the case of multivalued treatments, there are potentially multiple shifts we may be interested in considering. The shifts can be summarized from the mean dose response function, μt = 𝔼[Yi(t)], also sometimes known as the average structural function (Cattaneo 2018). While we may wish to estimate a dose response function directly, we may also wish to estimate particular treatment effects of interest that describe shifts across doses of treatment. For example, Lechner (2001) defines a number of treatment effects of interest, such as the effect of moving from (arbitrarily chosen) treatment level l to (arbitrarily chosen) treatment level m, for particular groups of the population:

[image: ]

Here superscript m, l terms on treatment effects refer to movements at these particular treatment margins, while the definition of these effects as ATE (1.10), [image: ] (1.11), or [image: ] (1.12) refers to the fact that these are isolated to particular groups, as in the case of the binary measures laid out above. In the case of the ATE, we are interested in impacts should we be able to move the entire population from l to m; in the case of the ATT, we are interested in impacts of moving only those particular individuals who received treatment dose m; and in the case of [image: ], we are interested in what would happen if individuals who received treatment dose l but were not treated by treatment m were now exposed to treatment m. In this case, there are potentially many treatment effects of interest, and depending on our particular interest, certain groups may be of particular relevance, such as specifically focusing on some untreated counterfactual Yi(0) as the comparison group instead of arbitrary potential outcomes Yi(l) (Imbens and Wooldridge 2009).

Beyond the quantities introduced here, throughout the rest of this book we will encounter a number of other types of treatment effects, which may be useful in particular situations, or in specific empirical designs. You may note that the above treatment effects all refer to average—that is, mean—treatment effects. Often mean treatment effects will hide substantial variation in effects beyond the mean, and this heterogeneity is something we turn to later in this book (chapter 8).



1.4.2  A Note on Jargon: Estimands, Estimators, Estimates, and Parameters

You will note above that when referring to the average treatment effects we have introduced, we have referred to these as “quantities.” Formally, these “quantities” are known as estimands. The term “estimand” simply refers to a quantity we wish to estimate. Thus, in the sense that we will wish to estimate an ATE, or ATT, or other type of treatment effect, these will be the estimands we seek. These estimands are of interest to us because they describe the behavior of some population of interest that we are studying.

More generally, we may read the term “parameter,” which also refers to some fixed quantity that characterizes some population or model. While, our estimands often seek to simply target parameters, estimands do not need to necessarily always target parameters, as estimands can also seek to nail down functions of parameters, or nonparametric quantities, which cannot be reduced to a single parameter. Generally speaking, we will use the term “estimand” to emphasize some particular parameter or parameters of interest in our analysis, while the term “parameter” may include a larger range of values that characterize our model of the population. In certain settings, we may require several parameters to define a model, even if we are ultimately interested in only a subset of them—the estimands. Parameters that are necessary for estimation but not directly of interest are often called “nuisance parameters.” Such nuisance parameters must be accounted for in order for us to arrive at our estimand, but we do not necessarily care about them per se.

To avoid confusion, it is important to differentiate between estimands and the related terms “estimators” and “estimates.” An “estimator” refers to the specific way in which we will calculate an estimand from a sample of data, and hence can be seen as a mechanical process or mathematical function required to actually generate our estimand. Thus, while our estimand may be an ATT or an ATE, and we will refer to this as [image: ] or similar, our estimator may be something like ordinary least squares, a comparison of means, or any other number of procedures. To differentiate from our estimand, our estimator will be referred to as [image: ]. Up to this point we have simply been interested in defining our estimands, and not actually estimating them, and as such we have not yet encountered an estimator. However, the rest of this book will be full of estimators. And it is when introducing an estimator that we will need to carefully consider the assumptions that are required for this estimator to actually isolate a causal effect, and hence the suitability of the proposed estimator. Finally, the term “estimate” will refer to the numerical result produced by the estimator, when the estimator is applied to data. This is summarized in figure 1.1, which seeks to make clear that the general way in which we will work will be to first define an estimand of interest, then propose an estimator, and finally, apply this estimator to data, resulting in an estimate.


[image: Three connected boxes are labeled “Estimand,” “Estimator,” and “Estimate,” showing the flow from a parameter of interest to a formula for estimation to a calculated value from data.]
Figure 1.1Relationships between estimands, estimators, and estimates.




While an estimand is simply a fixed but unknown quantity, as an estimator is applied to random samples of data, our estimators are random variables, and so come with uncertainty. Thus, beyond simply estimating certain quantities of interest, we will be interested in conducting inference for these quantities of interest. Indeed, we will often read the term “causal inference” to refer to settings where we wish to make statements about the impact of exposure to treatment on some outcome(s) of interest. When we extend into inference we will be concerned about making probabilistic statements about the likelihood that some treatment impacts outcomes, and as such will generally find that we are testing hypotheses about effects, or reporting confidence intervals. Thus, this requires that we do not simply estimate parameters but also that we can say something about the variance of these estimates. Throughout this book, whenever we discuss estimators, we will also discuss the estimation of variance of corresponding estimates, as well as the theoretical underpinnings on which inference is based.




1.5  What We Mean When We Talk About “Identification”

What we wish to do with the RCM and the estimands discussed above is “identify” some causal effect of interest. Here, “identification” is a formal term, and a causal effect is said to be identified if it can be uniquely determined from the distribution of observable data under a given model of the world.4 When we say that a parameter or a causal effect is identified, we mean to say that in theory, if we observed infinite data, our model of the world would let us speak of “a causal effect” that we could isolate from the data (refer to Lewbel [2019] for a comprehensive discussion of identification in econometrics).

It is important to note that this does not imply that any particular treatment effect cannot have heterogeneity across units, but rather that when we define a parameter of interest (say the ATT), this can be uniquely estimated in our data. Identification relies on some underlying model about how we believe that the data we observe is generated. That is, we must have some idea about the underlying data generating process, or DGP. Often this DGP will include assumptions about functional form and relationships between variables and unobserved factors, and assumptions about what we can and can’t measure. These assumptions, when combined with data, are what allow us to actually propose to estimate causal quantities. It is important to note that identification refers to the theoretical ability to estimate a parameter, rather than the practicalities of actually estimating it, so in this sense, it precedes estimation and inference.

In certain settings, parameters of interest will not be identified, and in this case we refer to the parameters being unidentified. For example, consider if we wished to identify the returns to primary schooling in some population where primary school is mandatory and everyone completes primary school. Here we would be in a situation where the causal effect is unidentified, because even if we observed the full distribution of wages in the population and we had a model that explained wages as a function of primary school attendance, there would be many values for the return to primary education that could rationalize the distribution of observed wages, given that we don’t observe variation off of which to drive identification.

In practice, we may often read about the identifying variation or the source of identification that allows us to arrive at a causal estimate.5 Thinking about how to credibly achieve identification is the starting point in our work in empirical economics. This is often referred to as determining an “identification strategy,” or proposing an empirical strategy. Indeed, in his 2021 Nobel Prize lecture, Angrist (2022) states that “the term identification is shorthand for research design,” in reference to his and Krueger’s Handbook chapter (Angrist and Krueger 1999), which discusses the identification of causal relationships in labor economics in particular. What this aims to make clear is that to be able to credibly identify a causal effect, we must have a particular strategy in mind that will let us in some way isolate variation in the treatment of interest from other movements in the data, and hence isolate, or identify, the impact of treatment, above and beyond other movements of interest.

Throughout the rest of this book, we will think about the particular research designs or identification strategies that will allow us to isolate causal effects of interest. As we will see, different identification strategies will generally imply the need to make more or less demanding assumptions in our models, and so the suitability of any particular strategy will depend on whether or not we (and ultimately the readers of our research) find such assumptions credible.


Historical Context and Selected Further Reading

The Rubin Causal Model (RCM) is generally ascribed to Rubin (1974), and this naming was first used in Holland (1986, 946). In naming this as Rubin’s Model for Causal Inference in the title of his section 3, Holland (1986) states:


I refer to this as “Rubin’s model” even though Rubin would argue that the ideas behind the model have been around since Fisher. I think that Rubin (1974) was the place where these ideas were first applied to the study of causation.



However, the genesis of this model is considerably longer, dating back to ideas introduced by Splawa-Neyman (1923,1990) in his master’s thesis and Fisher (1925), both applied to randomized trials. A very nice discussion of the history of the RCM is available in Imbens and Rubin (2015, chapter 2).

There are alternative conceptualizations of causality that interested readers may wish to consult for further discussion and alternative views. This includes the work of graphical models and causality of Pearl and colleagues, discussed, among many other places, in Pearl’s (2009) Causality book. A discussion of causality and econometrics with a link to structural parameters, as well as a coverage of how this differs to the Rubin Causal Model and other approaches, is available in Heckman and Pinto (2024). Further (recommended) reading specifically on identification in econometrics can be found in Lewbel (2019).




Notes


	1. This discussion is indeed long-standing in the causal literature. For example, in 1975 Rubin noted that such questions are not generically defined and need further restrictions to logically fit in a causal framework:

Any question that cannot be formulated in the above framework has no “causal” answer. For example, questions of the causal effect of sex or race as sometimes discussed are totally ambiguous with respect to what the treatment and its time of initiation mean. Do we mean at birth we “dye” the child’s skin a different color, or at conception we “change” all Y chromosomes to be X chromosomes? The point is that we need well-defined treatments and times at which we are to initiate them before we can discuss their causal effects.

Rubin (1975)

However, around ten years later, it is clear that this view suggests that the feasibility of the question simply requires some precise reformulation as in audit studies:

which has many possible versions ranging from some hypothetical “at conception X to Y chromosome treatment” to replacing an “F” with an “M” on a job application form.

Rubin (1986)



	2. You may note that there is a slight abuse of notation here in that previously we have defined potential outcomes directly in terms of an individual’s treatment status, i.e., we have already imposed that SUTVA holds. In Chapter 8 we will relax our definition of potential outcomes to also, possibly, depend upon the treatment status of other units.


	3. These questions are far from simply academic endeavors. You may be familiar with the challenges and critiques that arose during the so called worm wars (see, e.g., Davey et al. 2015; Hicks, Kremer, and Miguel 2015). This was an example where SUTVA and particular violations of SUTVA, along with the consistent estimation of impacts of treatments, reached the popular press; see, for example, https://www.theguardian.com/global-development-professionals-network/2015/aug/05/explainer-wormwars-deworming-science-kenya.


	4. Even more formally, if we use [image: ] to denote a family of probability distributions indexed by a parameter τ where τ represents the causal effect of interest, the parameter τ is identified if [image: ], which means that different values of the causal effect would generate different probability distributions of observable data, allowing us to distinguish between them given sufficient data.


	5. References to identification are now ubiquitous in economic research. Currie, Kleven, and Zwiers (2020) note that only 4% of working papers published in the National Bureau of Economic Research (NBER) series in 1980 mentioned the word “identification,” compared to around 50% today. A similar proportion of papers published in The American Economic Review, The Quarterly Journal of Economics, The Review of Economic Studies, Econometrica, and The Journal of Political Economy include references to identification.












2
Ignorable Treatment Assignment: Experiments and Random Assignment




All is experiment and adventure. We are for ever mixing ourselves with unknown quantities. What is to come? I know not.

—Virgina Woolf, The Waves





2.1  Introduction

Experimental assignment of treatment has a long history in research in economics and the social sciences—and a far longer history in the natural sciences, dating back to the Renaissance. R. A. Fisher’s book “The Design of Experiments” is often suggested to be a precursor of the current wave of experimental papers in the social sciences. Relatively early examples of field experiments in economics have included large-scale social experiments in the United States in the 1960s and beyond, which have shaped how we understand factors such as income tax and child welfare (Ross 1970) and health insurance and health care usage (Manning et al. 1987). More recently, Mexico’s experimental evaluation of the PROGRESA cash-transfer scheme (Schultz 2004) has been highly influential in thinking about a government’s role in development. Randomized assignment of treatment is now a mainstay in economics research (see for e.g., the discussion in Ravallion 2020).

The growth and success of randomized assignment of treatment in economics comes from both its simplicity as an experimental design and its credibility when conducted cleanly (Banerjee, Chassang, Montero, et al. 2020). If units assigned to treatment and control are randomly selected from a larger group, there will no systematic differences on average between individuals in both groups, except for their program receipt. Of key importance is that individuals with high potential outcomes for a particular treatment assignment will be no more likely to be assigned to this treatment than individuals with low potential outcomes, allowing us to abstract away from concerns related to selection into treatment that will be present throughout the rest of this book.

Of course this does not imply that randomizing treatment is necessarily easy or cheap. Randomization requires that researchers are able to implement some particular treatment, ensure a valid assignment to the treatment and control statuses, and measure outcomes of individuals in both groups. While laboratory experiments exist in economics, where all of this can be manipulated in highly controlled settings (see, for example, A. E. Roth [1986] for an early discussion) many experiments of interest to economists are conducted “in the field,” implying considerable design challenges (Duflo 2006). While implementation is a challenge and is often costly, in some sense, “paying” the cost of randomization “buys” identification. In this chapter we will discuss the details behind random assignment and identification, considerations related to estimation and inference in these settings, and a number of practical considerations related to experimental design.



2.2  Identification with Random Assignment

To begin, we will assume that we have some sample of N observations. At random, NT of these will be randomly drawn to receive treatment, and the remaining [image: ] of these will hence be randomly assigned to control status. This is a completely randomized setting in the sense that randomization occurs at the individual, rather than some more highly aggregated, level. We assume that we will observe each individual’s assigned treatment status, Wi, outcome Yi, and that as laid out in chapter 1, each individual has two theoretical potential outcomes [image: ].

The simplest case in the analysis of treatment effects occurs when the following two assumptions hold, combined with assumption 1 (SUTVA):


Assumption 2. Unconditional Unconfoundedness: [image: ].




Assumption 3. Overlap: [image: ].



The first of these assumptions (assumption 2) implies that treatment assignment is independent of potential outcomes. This precludes any type of systematic selection into treatment: Individuals with high potential outcomes for treatment are just as likely to receive treatment as they are to receive control, and the same goes for individuals with high potential outcomes for control. It is important to note that this assumption does not rule out the fact that treatment receipt can have a substantial effect on observed outcomes Yi. It simply implies that individuals with systematically high or systematically low potential outcomes are not more likely to receive treatment. To see a worked example of this, refer to exercise 5 at the end of this chapter. This definition of independence (⊥⊥) was first provided in Dawid (1979) and is equivalent to stating [image: ], making clear that knowing something about the potential outcomes gives us no information whatsoever about treatment assignment.

Assumption 3 above, “overlap,” simply implies that there is variation in treatment status. This latter assumption is mechanically required for us to be able to estimate treatment effects. If all individuals are assigned to treatment or all are assigned to control, there will be no variation off of which to estimate treatment effects. Of these two assumptions, assumption 3 is something that can be observed in the data; however, assumption 2 is unobservable. How may we expect that these two assumptions could be fulfilled in practice? We require that treatment assignment is independent of unobserved potential outcomes. It is unlikely that we would ever make an assumption as strong as assumption 2 unless we are sure that treatment is randomly assigned, for example via an RCT.

The value of these assumptions 1–3 together is that now, for the first time, we can move from theoretical quantities (the potential outcomes we defined in chapter 1) to observable quantities. To see this, we will start with the defined estimand [image: ] from (1.5):

[image: ]

Here, (2.1) simply applies the linear expectations operator. Arguably the most important step is in moving from (2.1) to (2.2). We can write [image: ] (and similar for 𝔼[Yi(0)]) because of our unconditional unconfoundedness assumption. Given that there is no selection into treatment, individuals who receive treatment provide a valid snapshot of average potential outcome Yi(1) in the population of interest, and similarly, individuals who receive control assignment provide a valid picture of average potential outcome Yi(0). Finally, in moving to (2.3) we note that these theoretical quantities are what we actually observe with Yi, simply following (1.3). The fact that both of these quantities are indeed observed (given the overlap assumption) means that now we can formally identify a treatment effect from real data.

An alternative way to think about identification in cases with random assignment—and why observed differences between treated and control units will not generically return unbiased estimates of treatment effects, can be seen from an emblematic example presented in Angrist and Pischke (2009, 22). They note that the observed difference in average outcomes (2.3) can be decomposed as follows:

[image: ]

The right-hand side of this equality simply results from adding and substracting the middle term (you may note that these two terms are the same!). By grouping terms, we can see that by definition, the first quantity on the right-hand side is the ATT, leaving a second quantity:

[image: ]

This quantity is the bias potentially inherent in the assignment mechanism. What would have happened to the treated had they not been treated ([image: ]) may be quite different to what actually happened to the untreated group in practice ([image: ]). In the case of randomized assignment, we essentially “randomize away” this treatment bias; given that treated units are a random sample of all units, their untreated potential outcome will be no different on average to that of control units. As a matter of fact, if assumption 2 holds, then this implies that in an infinitely large sample [image: ]. On the other hand, if we are not in a randomized trial with perfect compliance, this selection bias term will likely remain, which is a point we return to in all chapters following this one.

One thing that you may have noted above is that in (2.1) we referred to an ATE, while in (2.4) we referred to an ATT. This equivalence of the ATT and the ATE comes only because there is nothing special about individuals who receive treatment: They are a random selection of the full population. In the special case where there is random assignment to treatment, because treated and control units will, on average, be alike, the ATT will equal the ATE. This should not be seen as implying either (a) that generally speaking the ATT and the ATE will be equal or (b) that treatment effects are homogeneous across all units when assignment to treatment is randomized. In the first case, as we will see throughout the rest of this book, from here on out we will need to be quite careful in considering exactly what type of treatment effect we are capturing. And in the case of the second point, while the ATE and the ATT will be the same given that treated and controls are the same on average, within these treatment effects—that is, across units i, effects may be heterogeneous.



2.3  Estimation with Unconditional Unconfoundedness

Once we make assumptions of unconditional unconfoundedness, we have a number of estimation methods at our disposal. As unconfoundedness solves the business of the assignment mechanism by making it completely observable, all we have left is to recover estimates of these treatment effects by using data. This is now a technical issue, which we turn to here.


2.3.1  Unconditional Unconfoundedness: Comparison of Means

Simply by looking at (2.3), a first option is likely apparent. Given that our treatment effect can be written as two expectations, the ATE can be estimated by a difference-in-means estimator. This is simply:

[image: ]

which can alternatively be written as follows, if we wish to omit the notational dependence on NT and NC:

[image: ]

This second notation, while equivalent to the first, simply allows for Wi to act as an indicator to select treatment and control units in each term, and by definition [image: ] and [image: ].

This estimator is extremely simple. All we need to do to calculate our estimate is simply take two averages. Of course the simplicity of the estimator owes to the fact that Wi is randomly assigned, and much of the complexity of studies where assumptions 1–3 hold is precisely in generating this experimental variation. We delay discussion of these issues until section 2.5.2.



2.3.2  Regression Analysis

In practice, a differences-in-means estimator can be estimated directly by simple linear regression. Thus far, the language of treatment effects may seem a bit foreign to the regression framework that is frequently at the center of econometrics courses. This need not be so. In fact, starting from the potential outcomes framework can help to clarify the assumptions underlying regressions used for causal inference.

To see this, we will define the population means of the potential outcomes Yi(0) and Yi(1) as μ(0) and μ(1), respectively. Given this, we know that the average treatment effect will simply be the difference between these two values—that is, [image: ]. For any specific individual, we can write their potential outcome as this population mean plus a mean zero individual-specific error (εi(0) and εi(1) below):

[image: ]

We can substitute these quantities into (1.3), and thus rewrite the observed outcome as

[image: ]

Thus we can see that a regression of Y on W will produce an unbiased estimate of the ATE





2.3.3  Regression with Unconditional Unconfoundedness: Benefits and Extensions



[image: ]



[image: A scatterplot shows linear relationships between an observable characteristic and outcomes for treated and untreated groups, with two fitted lines and labeled expectations.]
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2.4  A Number of Approaches to Inference



2.4.1  Design-Based Versus Sampling-Based Uncertainty









	
	
	


	


	


	







	
	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	














	
	
	


	


	


	







	
	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	





	


	


	


	


	


	


	


	


	


	


	


	


	


	













2.4.2  Randomization Inference
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2.4.3  Regression-Based Inference in Experimental Design
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2.4.4  The Bootstrap
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2.4.5  What Type of Inference Procedures Should Be Used?






2.5  Experimental Design and Other Considerations


2.5.1  Alternative Assignment Mechanisms
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2.5.2  Practical Issues in Experimental Design








2.5.3  Limits in Experimental Settings







2.5.4  Ethical Considerations













Exercises


	1. Baranov et al. (2020) study the impact that treatment of maternal depression by cognitive behavior therapy has on women’s long-term mental health, financial empowerment, and parenting decisions. In this question, you will work with the data provided by the authors in their official replication material available as Baranov_et_al_2020.csv on the Data page to explore an experimental implementation and estimation procedure.










	2. In this exercise we will examine the experimental estimates from Miguel and Kremer’s (2004) study of the impact of deworming on children’s educational outcomes in Kenya. Data is provided as Miguel_Kremer_2004.csv. As laid out in Miguel and Kremer (2004, 165), the experimental implementation consists of school-level assignment to treatment with three randomized groups: a first group that receives treatment in 1998, a second group that receives treatment in 1999, and a third group group receiving treatment in 2001. Baseline information was collected in early 1998 (prior to first treatments), and post-treatment outcomes are collected between the first and second treatment, and again after the second treatment. This suggests analyses where, in 1998, group 1 schools can be viewed as treated and group 2 and 3 schools can be viewed as controls, and in 1999, group 1 and 2 schools can be viewed as treated and group 3 schools viewed as controls.











	3. The data MacKinnon_et_al.csv (from MacKinnon, Nielsen, and Webb 2023) is based on the Tennessee Student Teacher Achievement Ratio (STAR) experiment, in which students were assigned to either a small class (small_1=1) a regular-sized class with a teacher’s aid (aide_1=1), or neither (a control group). Because assignment refers to a class-level treatment, the experimental assignment was clustered by class. Consider as the outcome of interest each child’s reading score at the end of grade 1 treadss1, and follow MacKinnon, Nielsen, and Webb (2023) by consistently conditioning on a vector of dummy variables that capture whether the student was male, nonwhite, received a free lunch, their quarter of birth and year of birth (male, nonwhite, freelunch, brys*, sbq*), their test score at the end of kindergarten (treadssk), as well as controls for the teacher’s experience (totexp1) and dummies for whether the teacher is nonwhite, as well as their highest degree (teach_nonwhite, hdg*).





[image: ]







	4. Abel, Burger, and Piraino (2020) conduct an experiment in which individuals are randomly assigned to submit job applications with and without cover letters, and call-back rates from firms are examined. The data Abel_et_al_2020.dta contain information from this experiment (“experiment 1” of their paper), where randomization is stratified by individual gender.








	5. Consider the assumption of unconditional unconfoundedness. Simulate a series of data under the following data-generating process:
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