
 

 

 

 

Moving Beyond Mean Treatment Effects 

RCTs and Distributional Questions 

 

 

Research Master Thesis 

Marie-Aimée Salopiata 

13/07/21 

 

Number of ECTs: 30 

Supervisor: Dr. Conrad Heilmann 

Advisor: Dr. William Peden 

Wordcount: 30000 

 

 

 

 

 

Erasmus Institute for Philosophy and Economics (EIPE) 

Erasmus University Rotterdam 

 



1 
 

Table of Contents 
 

List of Abbreviations ............................................................................................................................... 4 

List of Figures .......................................................................................................................................... 4 

Introduction ............................................................................................................................................ 5 

Project ................................................................................................................................................. 6 

Research Question and Relevance ..................................................................................................... 8 

Argument ............................................................................................................................................ 8 

Chapter Summaries ............................................................................................................................ 9 

Chapter 1 ............................................................................................................................................... 11 

The Philosophical Case Against the Special Role of RCTs for EBP Needs Support ............................. 11 

1. The EBP Movement ................................................................................................................... 11 

2. How EBP Proponents Defend the Special Role for RCTs .......................................................... 14 

2.1. RCTs are a Highly Reliable Source of Evidence for Causal Claims ................................... 14 

2.2. RCTs Only Require Minimal Substantive Assumptions .................................................... 17 

3. The Philosophical Debate About the EBP Movements’ Defence of the Special Role of RCTs 18 

3.1. Philosophical Concerns About External Validity .............................................................. 18 

3.2. Attacking the EBP Movements’ Defence of the Special Role of RCTs ............................. 20 

4. The Philosophical Case Against the Special Role of RCTs for EBP Needs Support .................. 21 

Conclusion ......................................................................................................................................... 22 

Chapter 2 ............................................................................................................................................... 24 

The MTE Argument Can Provide the Needed Support ........................................................................ 24 

Introduction ...................................................................................................................................... 24 

1. The Structure of the MTE Argument ........................................................................................ 24 

2. The First Premise of the MTE Argument .................................................................................. 25 

3. The Second Premise of the MTE Argument .............................................................................. 27 

4. The Third and the Fourth Premise of the MTE Argument ....................................................... 28 

4.1. The Third Premise of the MTE Argument ......................................................................... 29 

4.2. The Fourth Premise of the MTE Argument....................................................................... 29 

5. The Relevance of the MTE Argument for the Philosophical Discussion on the EBP Movement

 31 

Conclusion ......................................................................................................................................... 33 

Chapter 3 ............................................................................................................................................... 35 

The Threat from Distributional Parameters that Solely Depend on the Marginal Distributions ...... 35 

Introduction ...................................................................................................................................... 35 

1. The Threat from Distributional Parameters Obtainable from RCT Data Alone ...................... 35 



2 
 

1.1. The Classic Example: Subgroup Means ............................................................................ 36 

1.2. The Strongest Case: QTEs ................................................................................................. 38 

2. What Quantile Treatment Effects Miss .................................................................................... 41 

Conclusion ......................................................................................................................................... 44 

Chapter 4 ............................................................................................................................................... 45 

Defending the Necessity of Distributional Information that is Solely Obtainable from the Joint 

Distribution for Policy Making ............................................................................................................. 45 

Introduction ...................................................................................................................................... 45 

1. A Problematic Implicit Assumption .......................................................................................... 46 

2. Defending the Names-Matter-View ......................................................................................... 49 

2.1. A Defence of the Implicit Assumption .............................................................................. 49 

2.2. Unconcerned Policy Makers, Selfish Voters and The Median Voter Theorem................ 52 

2.3. Unconcerned Policy Makers, Altruistic Voters and The Worst-Off ................................. 53 

2.4. Summary Argument .......................................................................................................... 54 

Conclusion ..................................................................................................................................... 55 

Chapter 5 ............................................................................................................................................... 57 

The Threat from Bounds ....................................................................................................................... 57 

Introduction ...................................................................................................................................... 57 

1. The Threat from Bounds ........................................................................................................... 58 

1.1. Introducing Bounds ........................................................................................................... 58 

1.2. How Bounds Question the Necessity of Additional Assumptions ................................... 60 

2. Refuting the Threat from Bounds ............................................................................................. 61 

Conclusion ......................................................................................................................................... 65 

Chapter 6 ............................................................................................................................................... 67 

The Threat from Weak Assumptions ................................................................................................... 67 

Introduction ...................................................................................................................................... 67 

1. A Potential Final Threat for the Persuasiveness of the MTE Argument .................................. 67 

2. Operationalizing Strong and Weak Assumptions in the Context of EBP ................................ 69 

3. Analysing the Assumptions that Allow us to Recover the Joint Distribution ......................... 70 

3.1. The Perfect Positive and the Perfect Negative Dependence Assumption ....................... 71 

3.2. The Independence Assumption ........................................................................................ 72 

3.3. The PPDA Qualifies as a Weak Assumption ..................................................................... 74 

4. Refuting the Final Threat for the Persuasiveness of the MTE Argument................................ 77 

4.1. The PPDA Does Not Provide Policy Makers with the Information they Need ................ 77 

4.2. Rejecting the Final Threat................................................................................................. 80 

Conclusion ......................................................................................................................................... 80 



3 
 

Conclusion ............................................................................................................................................. 82 

Acknowledgements .............................................................................................................................. 85 

Bibliography .......................................................................................................................................... 86 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



4 
 

List of Abbreviations 

Evidence-Based Policy – EBP 

Mean Treatment Effects Argument – MTE Argument 

Perfect Positive Dependence Assumption – PPDA 

Perfect Negative Dependence Assumption – PNDA 

Randomized Controlled Trials – RCTs 

Quantile Treatment Effects – QTEs 

 

List of Figures 

Table 1: Example for an Evidence Hierarchy – p. 13 

Figure 1: Illustration Marginal Distributions – p. 30 

Figure 2: QTEs based on the Data from Bruhn et al. (2016) – p. 42 

Table 2: Taxonomy Policy Maker and Voter Types – p. 50 

Figure 3: Illustration PPDA and PNDA – p. 71 

 

 

 

 

 

 

 

 

 

 



5 
 

Introduction 

Within the area of policy evaluation, the main goal is to identify the effect of a policy or pro-

gram (cf. Imbens and Wooldrige 2009, p. 5). And while researchers have developed countless 

methods for this, probably none of them has received as much attention over the last years 

as the randomized controlled trial (in the following: RCT) (de Souza Leao et al. 2019, p. 383). 

Simply put, RCTs allow us to learn about the effects of policies in an experimental way (thus 

“trial”). To this end, experimental subjects partaking in an RCT are randomly allocated into 

two groups (thus “randomized”). One group of experimental subjects, the treatment group, is 

then exposed to the policy of interest. For instance, if the policy of interest was a class-size 

reduction policy, then the treatment group would be taught in smaller classes. The other 

group of experimental subjects, the control group, is not exposed to the policy of interest. In 

the class-size reduction example, this group would be taught in standard-sized classes (Heck-

man and Smith 1995, p. 85).  

Ideally, the random allocation of experimental subjects to control and treatment group makes 

the exposure to the policy the only systematic difference in characteristics between the two 

groups (thus “controlled”). If this holds, then the effect of the policy examined in the RCT can 

be identified by comparing average outcomes in the treatment group and the control group. 

In the class-size reduction RCT, we would compare the average grades of the treatment group, 

which was put in smaller classes, with the average grades of the control group, which was not. 

The resulting parameter is called the mean treatment effect (Heckman 2020, p. 8). 

The attention that RCTs have received as a method for evaluating policies is not confined to 

academic policy evaluation. In addition, the influential Evidence-Based Policy Movement, 

which urges policymakers to base their implementation decisions on evidence, promotes RCTs 

as the privileged source of evidence for policymaking. That is, proponents of evidence-based 

policy (in the following: EBP) argue that the evidence upon which policymakers should base 

their policy implementation decisions should ideally come from RCTs. This judgment is, firstly, 

based on the reliability of the causal estimates that RCTs provide. Secondly, it is defended by 

arguing that RCTs only require minimal assumptions (Deaton and Cartwright 2018a, p. 2).  
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Project 

In this thesis, I defend an argument that questions whether this defence of the special status 

of RCTs for the EBP movement holds up. The EBP movements’ defence of the special status of 

RCTs based on the reliable causal estimates that RCTs produce and the minimal assumptions 

RCTs require has been criticized both within the philosophical and the economic literature. 

And while philosophers have mainly criticized this defence by pointing to difficulties with gen-

eralizing RCT results to other policy contexts of interest (“external validity”) (Deaton and Cart-

wright 2018a, p. 3), this thesis focuses on another argument, from the economic literature. 

The argument in the focus of this thesis is concerned with the usefulness of mean treatment 

effects. As we saw above, this parameter is usually obtained from RCT data and then pre-

sented as the effect of the policy. However, authors in the economic literature have pointed 

to the insufficient informativeness of mean treatment effects for policymaking. For instance, 

a mean treatment effect of zero might indicate that none of the experimental subjects expe-

rienced any effect from the policy. However, it might also suggest that some experimental 

subjects benefitted a lot while others did not or even got harmed. In light of the insufficient 

information conveyed by mean treatment effects, authors from the economic literature stress 

that distributional parameters, such as the proportion of people who benefitted from a policy, 

convey additional policy-relevant information (Deaton 2010, p. 439; Na et al. 2015, p. 292).  

When the necessity of obtaining distributional parameters from RCT data to properly inform 

policymakers is defended in the literature, the following problem with obtaining these param-

eters is always emphasized simultaneously. Namely, in contrast to mean treatment effects, 

many of these distributional parameters that are argued to convey policy-relevant infor-

mation cannot be obtained from RCT data alone. Instead, additional assumptions are required 

for this (Bedoya et al. 2017, p. 6).  

Since these additional assumptions figure prominently in the discussion in this thesis, let us 

briefly discuss what these additional assumptions are and why they are necessary to obtain 

distributional parameters from RCT data. For this, recall that in an RCT, we can only observe 

an experimental subject in either the state of treatment or the state of control. Thus, as I 

discuss in more detail later, pure RCT data only provides us with the two marginal distributions 

of outcomes (short: Marginal distributions): One for the control and one for the treatment 

group (Heckman and Smith 1995, p. 96).  
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However, from pure experimental data, we do not learn the outcomes for any experimental 

subject in both the state of treatment and the state of control. For obtaining these outcomes, 

the additional assumptions in the focus of this thesis are necessary. That is, only if we supple-

ment the minimal RCT assumptions that allow for the identification of mean treatment effects 

with additional assumptions about the relationship between the outcomes in the state of 

treatment and control, we obtain the outcomes for all experimental subjects in both states. 

For instance, we could assume that the policy has the same effect on every experimental sub-

ject. Then, we could recover the outcome in the case of treatment for a subject in the control 

group by adding this constant effect to her control outcome, which we observe, and vice versa. 

By obtaining the outcomes for all experimental subjects for both states, we obtain the joint 

distribution of outcomes (short: Joint distribution), which we will discuss more in-depth later 

(Heckman et al. 1997, p. 488).  

The joint distribution is necessary for obtaining many of the distributional parameters argued 

to be of interest to policymakers from RCT data, such as the proportion of people benefitting 

from a policy (cf. Bedoya et al. 2017, p. 6). Thus, additional assumptions that go beyond the 

minimal RCT assumptions that allow for the identification of mean treatment effects are nec-

essary to obtain the policy-relevant distributional information conveyed by these parameters 

from RCT data.  

From the above, the following argument emerges, which I refer to as the “Mean Treatment 

Effects Argument” (in the following: MTE argument): 

P1: Mean treatment effects, which are obtainable from RCT data based on minimal 
assumptions, are insufficiently informative for policymaking. 

P2: Distributional parameters obtained from RCT data convey additional, policy-rele-
vant information. 

P3: The joint distribution is needed for obtaining policy-relevant distributional infor-
mation conveyed by distributional parameters from RCT data. 

P4: To obtain the policy-relevant distributional information conveyed by distributional 
parameters that depend on the joint distribution from RCT data, (1) additional assump-
tions that (2) go beyond the minimal RCT assumptions are necessary. 

C: Therefore, for obtaining (some types of) policy-relevant evidence from RCT data, we 
need to move beyond the minimal assumptions that allow for the identification of 
mean treatment effects. 
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Reconstructed as above, the MTE argument mirrors an argument brought forward by Angus 

Deaton (Deaton 2010, pp. 439f.), even though Deaton does not use the term “MTE argument”. 

More implicit endorsements of the MTE argument in this form can be found in Heckman 2020 

(Heckman 2020, p. 9 and pp. 16ff.) or Heckman and Smith 1995 (Heckman and Smith 1995, p. 

87ff. and p. 96). Other authors, such as Subramanian et al. (Subramanian et al. 2018, pp. 1ff.) 

or Djebbari and Smith (Djebbari and Smith 2008, p. 65), focus on defending certain premises 

of the MTE argument, usually the first or the second.  

Research Question and Relevance 

In this thesis, I discuss the persuasiveness of the MTE argument just sketched. In Chapter 2, I 

establish the relevance of such a discussion for the philosophical discussion on RCTs and their 

role in the EBP movement. To this end, I argue that the MTE argument, if shown to be persua-

sive, could support the philosophical case against the special role of RCTs for EBP. As I discuss 

in Chapter 1, this case needs support because the external validity critique is not well accepted 

beyond the philosophical literature. From the discussion in Chapters 1 and 2, the following 

research question that I answer in the remainder of the thesis emerges: 

Research Question: Is the MTE argument a persuasive argument that can support the 

philosophical case against the special role of RCTs for EBP? 

Argument 

In my discussion of this research question, I focus on the third and fourth premise of the MTE 

argument. This focus is due to two reasons: Firstly, as we shall see, these two premises cru-

cially determine the persuasiveness of the MTE argument as an argument in support of the 

philosophical case against the special role of RCTs for EBP. Secondly, methodological advance-

ments in the RCT literature, such as quantile treatment effects or bounding, shed doubts on 

the claims made by these two premises. Defending the third and the fourth premise of the 

MTE argument in light of these methodological advancements, I argue that: 

(i) Distributional information that can only be obtained from RCT data by obtaining the 
joint distribution (Chapter 3) is of relevance to policymakers (Chapter 4). 

(ii) Additional assumptions are necessary to obtain this policy-relevant information 
from RCT data in a way that is useful for policymakers (Chapter 5). 

(iii) The additional assumptions which are necessary for obtaining this policy-relevant 
information go beyond what EBP proponents think counts as a minimal assumption 
(Chapter 6).  
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By arguing for (i)-(iii), I defend the persuasiveness of the MTE argument as an argument in 

support of the philosophical case against the special role of RCTs for EBP. 

Chapter Summaries 

To establish this conclusion, I proceed as follows: 

Chapter 1: The first chapter provides the basis for establishing the relevance of a discussion of 

the persuasiveness of the MTE argument for the philosophical discussion on the special role 

of RCTs for EBP. To this end, I first introduce the EBP movement and their argument for as-

cribing a special role to RCTs. As I discuss, the minimality of assumptions that RCTs are argued 

to require figures prominently into this argument. I subsequently present the philosophical 

external validity critique, which has focused on this alleged minimality of assumptions. I then 

establish that the external validity critique needs support because it is not well accepted be-

yond the philosophical discussion. 

Chapter 2: In the second chapter, I argue that the MTE argument – if shown to be persuasive 

– could provide the needed support for the philosophical case against the special role of RCTs 

for EBP. By showing this, I establish the relevance of the discussion in the remainder of the 

thesis. To this end, I introduce the MTE argument in-depth and point to decisive parallels be-

tween the external validity and the MTE argument: Both arguments focus on the minimal as-

sumptions that RCTs are argued to require for producing evidence for policymaking. I conclude 

the chapter by pointing out that the persuasiveness of the MTE argument hinges on establish-

ing its third and fourth premise, which are endangered by methodological advancements in 

the RCT literature. 

Chapter 3: In this chapter, I lay the foundation for defending the third premise of the MTE 

argument. As I discuss, this premise is threatened: The host of distributional information that 

can be obtained from RCT data solely based on the marginal distributions renders the neces-

sity of distributional information solely obtainable from the joint distribution doubtful. I dis-

cuss subgroup means and quantile treatment effects as the primary examples of distributional 

parameters that solely depend on the marginal distributions. I then point to distributional in-

formation that cannot be obtained from these two distributional parameters, such as the ef-

fect of a policy on individuals at given quantiles of the initial outcome distribution.  
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Chapter 4: In this chapter, I argue that distributional information solely obtainable from dis-

tributional parameters that depend on the joint distribution is relevant for policymakers. I do 

so by employing an argument from the economic literature, according to which this distribu-

tional information is more nuanced. I then spell out one way to defend the policy-relevance 

of this more nuanced information. According to this defence, nuanced distributional infor-

mation on the effect of a policy on individuals at given quantiles of the initial outcome distri-

bution is relevant for all policymakers, assuming that policymakers care about the electorate’s 

support. Thereby, the third premise of the MTE argument can be defended. 

Chapter 5: In this chapter, I turn to the fourth premise of the MTE argument. To this end, I first 

discuss (1) whether we need additional assumptions to obtain the joint distribution, and thus 

distributional information of relevance to policymakers, from RCT data. I defend assumption-

based approaches to obtaining the joint distribution against bounding as a possibility to learn 

about distributional parameters that depend on the joint distribution without making addi-

tional assumptions.  

Chapter 6: In this final chapter, I discuss part (2) of the fourth premise. According to (2), the 

assumptions that allow us to obtain the joint distribution and thus policy-relevant distribu-

tional information go beyond the minimal RCT assumptions. I establish that all the assump-

tions that provide policy-makers with the distributional information they require are strong 

and thus go beyond the minimal RCT assumptions. To this end, I use criteria for what counts 

as a weak and thus minimal assumption employed by EBP proponents themselves. 

All this considered, we can say that proponents of the MTE argument are correct in claiming 

that (i) the joint distribution and thus (ii) additional assumptions that (iii) go beyond the min-

imal RCT assumptions are necessary for obtaining policy-relevant distributional information 

from RCT data. Having defended the third and the fourth premise of the MTE argument in 

light of methodological advancements in the RCT literature, I conclude that the MTE argument 

is persuasive and can thus strengthen the philosophical case against the special role of RCTs 

for EBP. 
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Chapter 1 

The Philosophical Case Against the Special Role of RCTs for EBP Needs Support 

Introduction 

In this first chapter, I introduce the EBP movement and its influence on policymaking nowa-

days. I shall do so in section one. In the second section, I discuss the important role that RCTs 

play in the EBP movement and present the “RCT argument” used to defend this special status 

of RCTs. The RCT argument claims that RCTs generate reliable estimates of causal effects and 

only require minimal substantive assumptions. 

In the third section, I present the external validity argument that philosophers have brought 

forward to attack this defence of the special status of RCTs for the EBP movement. However, 

as I discuss in section four, this philosophical case against the EBP movements’ defence for 

ascribing a special role to RCTs needs support. This need arises because the central claim be-

hind the external validity critique, i.e. that evidence from methods other than RCTs is required 

for establishing the external validity of RCT results, is not well accepted beyond the philosoph-

ical literature. This will motivate the consideration of the MTE argument in the next chapter.  

1. The EBP Movement  

The EBP movement defends the view that policymaking should be based on rigorous scientific 

evidence. According to EBP proponents, policymaking has relied on expert opinion and “dog-

mas” too much in the past. Doing so turned out to provide unreliable guidance for policymak-

ing. This, in turn, prevented much-needed progress in key policy areas. To reverse this nega-

tive trend, EBP advocates urge policymakers to focus on “what works” and to base their policy 

decisions on evidence regarding policy effectiveness. This new approach to policymaking has 

been promoted successfully by the EBP movement since the early 2000s.  Especially in the US 

and the UK, but also in other countries, their ideas are already put into practice (Reiss 2013, 

pp. 197f.; Sanderson 2003, pp. 332ff.).  

A policy that illustrates how evidence-based policy works in practice is the “No Child Left Be-

hind” Act which was introduced in the US in 2001: 

The recent enactment of No Child Left Behind, and its central principle that federal funds 

should support educational activities backed up by “scientific research”, offers an opportunity 

to bring rapid, evidence-driven progress – for the first time – to U.S. elementary and secondary 

education. Education is a field in which a vast number of interventions […] have gone in or out 
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of fashion over time with little regard to rigorous evidence. As a result, over the past 30 years 

the United States has made almost no progress in raising the achievement of elementary and 

secondary school students, […] despite a 90 percent increase in real public spending per stu-

dent. Our nation’s extraordinary inability to raise educational achievement stands in stark con-

trast to our remarkable progress in improving human health over the same time period – pro-

gress which […] is largely the result of evidence-based government policies in the field of med-

icine (CEBP 2002, p. iii). 

This quote nicely illustrates the disappointment of EBP proponents with past approaches to 

policymaking and the progress they expect from their approach. 

As already became clear, EBP proponents do not judge all types of evidence to be “rigorous” 

enough to inform policymaking reliably. Expert opinion, for instance, would not fall into this 

category. When describing what types of evidence they have in mind for reliably informing 

policymaking, EBP advocates focus on the methods used to generate the evidence. To their 

mind, some methods produce better-suited evidence for policymaking than others, inde-

pendently of the policy context (Reiss 2013, p. 200).  

These judgements led the movement to formulate so-called evidence hierarchies that rank 

evidence produced by different methods according to their potential to inform policymaking 

reliably. That is, policy predictions based on types of evidence that rank high in the evidence 

hierarchy are judged to be more reliable than policy predictions based on low-ranked evidence 

(Cartwright and Hardie 2012, p. 136; Cartwright 2012, p. 303). 

A classic example for an evidence hierarchy looks as follows (NICE 2006, p. 47, discussed in 

Cartwright 2012, p. 303 and Clarke et al. 2014, p. 340): 
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Based on these evidence hierarchies, EBP proponents have launched so-called “warehouses” 

for policies that have been shown to work based on evidence that ranks high in the evidence 

hierarchies. The idea of these warehouses is that policymakers interested in bringing about a 

particular policy outcome can pick the policy supported by the strongest evidence (Cartwright 

and Hardie 2012, p. 136). 

From the example of an evidence hierarchy above, the special role that RCTs play for the EBP 

movement becomes apparent: According to EBP proponents, RCTs are the preferred method 

for generating rigorous evidence for policy-making purposes. This means, in turn, that the pol-

icies that can be found in the EBP movement’s warehouses have usually been shown to “work” 

by RCTs. Via this channel, RCT results thus heavily influence the policy-making decisions of 

policymakers who adopt the EBP vision (Ibid., p. 122; Cowen 2019, p. 4f.; Reiss 2013, p. 198ff.). 

What justifies this privileged role of RCTs that led scholars to refer to RCTs as the EBP move-

ment’s “gold standard” (Cartwright 2012, p. 298) for generating evidence for policymaking? 

This shall be the topic of the next section. There, I introduce what I call the “RCT argument,” 

which EBP proponents employ to defend the special role that they ascribe to RCTs.  
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2. How EBP Proponents Defend the Special Role for RCTs  

The “RCT argument” that EBP proponents bring forward when defending the privileged role 

they ascribe to RCTs when it comes to producing evidence for policymaking is based on two 

propositions1 (cf. Reiss 2013, pp. 201f.).  

Firstly, it is argued that RCTs are a highly reliable source of evidence for causal claims. Evidence 

for causal claims, in turn, is argued to be crucial for policymaking. Being confident in whether 

a particular policy “works”, or is effective in producing the desired outcome, requires evidence 

on whether the policy in question has a causal relation to the desired outcome. Thus, the most 

reliable source for evidence about causal claims – RCTs according to EBP proponents – de-

serves the top place in evidence hierarchies that are meant to inform policymaking (Ibid.; DoE 

2003, pp. 1ff.; Pearce et al. 2014, p. 388 and p. 396). 

Secondly, it is argued that RCTs only require “minimal substantive assumptions” (Deaton and 

Cartwright 2018a, p. 2). This has been judged to be a significant advantage of RCTs over other 

econometric methods, such as regression analysis. These methods rely on a lot of background 

assumptions which are often strong and thus appear incredible. On the other hand, RCTs are 

argued to produce quantities of interest based on a very limited number of general, more 

credible assumptions. I discuss these assumptions in more detail below, but an example would 

be that randomization has been done properly (Banerjee and Duflo 2008, p. 26; Deaton 2010, 

p. 438; DoE 2003, p. 2; Muller 2019, p. 1; Reiss 2013; p. 202). 

In the following, let us examine how these two propositions that ground the EBP movement’s 

case that policymaking should ideally be based on evidence from RCTs can be defended.  

2.1. RCTs are a Highly Reliable Source of Evidence for Causal Claims 

Let us start with the first proposition of the EBP proponents’ RCT argument. This proposition 

states that RCTs are a highly reliable source of evidence for causal claims. To understand the 

details behind the claim reflected in this proposition, let us have a closer look at how RCTs 

work. 

 
1 In the literature, one can also find other propositions figuring into the defence of a special status for RCTs in 
the production of evidence for policymaking. For instance, it is often argued that RCTs provide the researcher 
with the best control over the assignment mechanism (cf. Imbens 2010, p. 408). However, most of these propo-
sitions boil down to the two propositions discussed here: For instance, the control over the assignment mecha-
nism is the reason for the reliability of the causal estimates that RCTs provide.   
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As we saw, RCTs aim at identifying the causal effect of a policy by randomly allocating experi-

mental subjects into two groups. The subjects allocated to the treatment group are exposed 

to the policy of interest while the subjects in the control group are not. Thereby, RCTs allow 

for the identification of causal effects despite what is called the fundamental problem of 

causal inference (Heckman and Smith 1995, p. 87; Imbens and Wooldrige 2009, p. 6).  

The fundamental problem of causal inference arises because we can never observe an exper-

imental subject both in the state of treatment and the state of control simultaneously. This is 

a problem because it prevents us from identifying the causal effect of a policy by simply com-

paring the outcome of each subject in the state of treatment and the state of control (Heck-

man and Smith 1995, p. 87).  

For instance, imagine that we are interested in the effect of attending a private university, in 

contrast to a public university, on later earnings in the context of the US2. To obtain this effect, 

we would ideally want to compare the later earnings of each university graduate for the case 

in which she has attended a private and in which she has attended a public university. This, 

however, is impossible because every student can only attend either a private or a public uni-

versity at the same time. 

In the context of RCTs, the fundamental problem of causal inference is circumvented. This is 

possible because randomization makes it likely that the control group is a suitable counterfac-

tual for the treatment group. That is, the control group indicates what would have happened 

to the treatment group had it not been exposed to the policy of interest. For instance, in an 

RCT in which private college attendance is randomly determined, the control group would 

indicate what wages the treatment group would have gotten had it not attended a private but 

a public university (Ibid., p. 87f.; Reiss 2013, p. 201). In other words, the random assignment 

of experimental subjects to treatment and control group makes it likely that the exposure to 

the policy of interest is the only systematic difference between treatment and control group.  

Given this, we can see how the fundamental problem of causal inference is circumvented in 

RCTs:  If control and treatment group only differ systematically regarding the exposure to the 

policy of interest, we can attribute the difference in average outcomes between treatment 

and control group to the policy of interest. Then, the average causal effect of a policy can be 

 
2 See Dale and Krueger 2002 for a discussion of this example. 
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obtained by comparing the average outcome of the control group with that of the treatment 

group (Duflo and Kremer 2003, p. 4). 

This contrasts RCTs with other study designs, which are often plagued with what is called “se-

lection bias”. In the absence of randomized assignment to treatment and control group, it will, 

at least partly, depend on the choices of individuals whether they get exposed to the policy. 

This “self-selection” leads to differences between control and treatment group on top of the 

fact that one group is exposed to the policy and the other is not (Imbens 2010, p. 404).  

For instance, if one would compare the wages of students who attended private universities 

with that of students who attended public universities, one might conclude that having at-

tended a private university has a positive causal effect on wages. This conclusion, however, 

might be mistaken since having attended a private university is not the only systematic differ-

ence between graduates of private and public universities. Instead, characteristics such as a 

high motivation probably led students to attend private universities (i.e. to “select into treat-

ment”). 

In this example, the motivation of the private university graduates would thus be an additional 

difference between control and treatment group that arises from self-selection into the treat-

ment. This difference – which is difficult to control for and determines the outcome variable 

of interest – prevents us from identifying the average causal effect of attending a private uni-

versity by comparing the average wages of private university graduates with that of public 

university graduates. This is because this comparison would not only reflect the effect of hav-

ing attended a private university but also of being more motivated, i.e. the selection bias (An-

grist and Pischke 2014, pp. 47ff.).  

Disentangling the “real” effect from the selection bias is impossible, making the causal esti-

mates resulting from studies like the one sketched above hardly reliable. RCT results, on the 

other hand, are argued not to be plagued with selection bias. This is because the random as-

signment of the treatment makes it likely that the differences between the two groups that 

induced selection bias in the example above are balanced out3. For instance, in the case of 

 
3 This is, however, not guaranteed by randomization. In finite samples, treatment and control group might still 
differ regarding characteristics other than the exposure to the policy by pure chance. Only in the limit, properly 
conducted randomization guarantees that there are no systematic differences between treatment and control 
group apart from the exposure to the treatment (Deaton and Cartwright 2018a, p. 5).  
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random assignment to private universities, private and public university attendees are likely 

similar regarding motivation (Athey and Imbens 2018, p. 87; Heckman and Smith 1995, p. 89). 

Therefore, RCTs are argued to produce estimates of average causal effects without being 

plagued by selection bias4. This claim forms the justification for the first proposition of the RCT 

argument, i.e. that RCTs are highly reliable sources of evidence for causal claims. Let us now 

turn to the second proposition, which states that RCTs only require minimal substantive as-

sumptions for producing quantities of interest for policymaking. 

2.2.  RCTs Only Require Minimal Substantive Assumptions 

To understand the idea behind the claim made by the second proposition of the RCT argu-

ment, let us look at the assumptions required for identifying the mean treatment effect as one 

quantity of interest5. For obtaining the mean treatment effect from RCT data, average out-

comes in treatment and control group are compared. Introducing some notation, we can write 

this as follows: 

 

In this formula, E[Yi] denotes the expected value (or population average) of the variable Yi. In 

turn, E[Yi|Ti = 1] denotes the average value of Yi for the part of the population for which Ti = 1 

(Angrist and Pischke 2015, pp. 19f.; Heckman and Smith 1995, p. 87).  

As outlined, the term for the mean treatment effect contains both the “real” average causal 

effect and a potential selection bias. To see this, we can decompose this expression as follows: 

 

In this decomposed expression, the second expression in square brackets is the selection bias. 

As we have seen, letting exposure to the policy be determined by random assignment makes 

it likely that the selection bias term equals zero, leaving only the first term in square brackets. 

This term, in turn, can be written as the average treatment effect on the treated: 

 
4 This argument hinges on the empirical importance of selection bias (Worrall 2010, p. 292) which is a topic of 
debate in the literature (see e. g. Ibid., pp. 292f. or Heckman and Smith 1995, p. 90f.). 
5 The discussion in this section follows Deaton 2010, p. 439. 
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This last step works because the mean is a linear operator. Therefore, the difference in aver-

ages equals the average of the difference. Thus, we have arrived at the average treatment 

effect on the treated by comparing the average outcomes of treatment and control group. For 

this, we only had to assume random assignment of the treatment and that the mean is a linear 

operator. The average treatment effect on the treated, in turn, can be seen as the average 

effect for all given that treatment and control group only differ by randomization (Deaton 

2010, p. 439; Deaton and Cartwright 2018a, p. 4). 

This grounds the case for the second proposition of the RCT argument brought forward by EBP 

proponents in favour of the “gold standard” role of RCTs6.  Now that we have looked at the 

defence of EBP proponents for RCTs as the privileged source of evidence for policymaking, let 

us discuss why this defence has been seen critically in the philosophical literature.  

3. The Philosophical Debate About the EBP Movements’ Defence of the Special Role of 

RCTs 

As already mentioned, the philosophical discussion on the EBP movement has mostly evolved 

around concerns regarding the external validity of RCT results. This section, firstly, introduces 

these philosophical concerns. Secondly, I discuss why these concerns provide an argument 

against the EBP movements’ defence of the special role of RCTs discussed above.  

3.1.  Philosophical Concerns About External Validity 

The influx of RCTs into policymaking via the EBP movement has raised many points of criticism 

among philosophers. One of the most frequently discussed points of critique concerns the 

external validity of RCT results (e.g. Clarke et al. 2014, pp. 346ff.; Favereau and Nagatsu 2020, 

p. 192; Teira and Reiss 2013, p. 211). 

 
6 In practice, more assumptions are required when calculating quantities like the average treatment effect: For 
instance, it must be assumed that experimental subjects comply with their assignment to treatment or control 
group. Confronted with this, RCT proponents often point to the many ways in which we can deal with these 
practical problems: For instance, the assumption of perfect compliance to the treatment assignment is argued 
not to be problematic, since the literature has developed ways to obtain the average causal effect in the presence 
of non-compliance (Duflo and Kremer 2003, pp. 21f.; Imbens 2010, p. 408). 
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In the context of policymaking, external validity means that a policy that has been shown – e. 

g. by an RCT – to work in one context is also likely to yield the desired effect in another context 

of interest (Clarke et al. 2014, pp. 346f.). How confident we can be in the result of the initial 

RCT for the context that it was conducted in is, in contrast, a question of internal validity (Im-

bens 2018, p. 52). 

The issue that many philosophers have emphasized regarding the external validity of RCT re-

sults is that the causal evidence from an – internally valid – RCT is, on its own, not enough to 

establish the external validity of the effect found in the RCT. Instead, it is argued, additional 

evidence from sources other than RCTs is needed for establishing this (Cartwright and Hardie 

2012, p. 8; Deaton and Cartwright 2018a, p. 14; Worrall 2010, pp. 295f.). 

Let us make this critique more concrete before establishing how it endangers the RCT argu-

ment of EBP proponents discussed above. For this, let us discuss what kind of evidence phi-

losophers deem essential for establishing the external validity of an RCT result and why they 

argue that this evidence cannot be obtained from RCTs alone.  

As philosophers have frequently emphasized, understanding why and how a policy measure 

produces the effect found in an RCT is essential for establishing the external validity of an RCT 

result (Cartwright and Hardie 2012, p. 8; Favereau and Nagatsu 2020, p. 194; Muller 2019, p. 

1). 

To understand why this is important, consider the following part of the answer to the question 

of why and how a policy measure produces the desired effect: In many cases, philosophers 

argue, a policy measure only yields the desired outcome in conjunction with the presence of 

certain support factors. For instance, a policy measure that reduces class sizes might only im-

prove student outcomes in the presence of support factors such as qualified teachers and 

enough suitable facilities (Cartwright and Hardie 2012, pp. 61ff.). 

Without these support factors, the policy of interest will not produce the desired effect. There-

fore, knowing the relevant support factors and knowing whether they are present in the policy 

context of interest is essential for establishing an RCT result's external validity. For instance, 

arguing that the result of the class-size reduction RCT is likely to apply to other policy contexts 

requires the following evidence: Evidence on qualified teachers and suitable facilities being 
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relevant support factors and evidence on the presence of these two factors in the policy con-

text of interest (Deaton and Cartwright 2018a, p. 12). 

Importantly, philosophers argue that evidence regarding how and why a policy intervention 

produces the desired effect cannot be obtained from RCTs alone. Instead, evidence from other 

sources and methods is necessary for obtaining this evidence and thus for establishing the 

external validity of an RCT result (Cartwright 2007, p. 16). 

For illustrating this, re-consider the example of support factors and class-size reductions. From 

an RCT that has established that reducing class sizes indeed improves test scores, we only 

learn that the required support factors were in place in the setting in which the RCT was con-

ducted. However, we do not learn what the relevant support factors are and whether they are 

present in other policy contexts of interest. For establishing this, philosophers argue that we 

need theory or structured thinking to identify support factors. For finding out about their pres-

ence in the context of interest, observational studies are claimed to be helpful (Cartwright and 

Hardie 2012, pp. 124ff.). 

In sum, the philosophical external validity argument thus rests on the assertion that establish-

ing the external validity of RCT results requires (1) evidence on how and why a policy inter-

vention produces an effect and that this evidence (2) cannot be obtained from RCTs alone. 

3.2.  Attacking the EBP Movements’ Defence of the Special Role of RCTs 

How does this philosophical argument criticize the EBP proponents’ case for RCTs as the priv-

ileged source of evidence for policymaking? As discussed, this case rests on claiming that (1) 

RCTs provide reliable estimates for causal claims and (2) only require minimal substantive as-

sumptions. The philosophical external validity argument attacks the second proposition. 

That is, it is argued that for knowing whether the reliable causal estimates obtained from RCTs 

generalize to other policy contexts, evidence from sources or methods other than RCTs is nec-

essary. These other methods, however, rest on different and usually more substantive as-

sumptions than RCTs do themselves. Thus, for collecting the additional evidence required for 

establishing the external validity of RCT results, it is necessary to go beyond the minimal RCT 

assumptions on which the RCT argument of EBP proponents rests. Therefore, the second prop-

osition of the EBP proponents’ RCT argument regarding the minimality of RCT assumptions 
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does not hold up when RCT results' external validity is concerned (Deaton and Cartwright 

2018a, p. 3; Muller 2019). 

Establishing that initial RCT results are externally valid is, in turn, argued to be essential for 

the aim of the EBP movement to base policymaking solely on evidence that ideally comes from 

RCTs. If the results of – internally valid – RCTs do not generalize to other contexts, basing policy 

decisions on evidence from RCTs only makes sense if the RCT has been conducted in the con-

text of interest. This threatens core ideas behind EBP practices, such as telling policymakers 

to look for policies that have been shown to be effective in other contexts in the EBP propo-

nents’ warehouses (Deaton and Cartwright 2018a, p. 11). 

To summarize, the philosophical external validity critique questions the EBP movements’ de-

fence for ascribing a special status to RCTs. It does so by pointing out that assumptions beyond 

the minimal RCT assumptions are required to establish the external validity of RCT results, 

which is argued to be essential for policymaking. By attacking the RCT argument made by EBP 

proponents to defend the special role they ascribe to RCTs, the external validity argument 

questions this special role7. Thereby, this argument made many philosophers sceptical regard-

ing the placement of RCTs at the top of the evidence hierarchies of EBP proponents (Cart-

wright 2012, p. 299; Clarke et al. 2014, p. 340; Stegenga 2013, pp. 318f.).  

4. The Philosophical Case Against the Special Role of RCTs for EBP Needs Support 

While philosophers see the external validity argument as a reason to doubt the special status 

of RCTs for EBP, this argument is not widely acknowledged as a reason to reject the privileged 

role of RCTs for EBP beyond the philosophical discussion. In this section, I argue that this 

means that the philosophical case against the special role of RCTs for EBP, which mainly rests 

on the external validity argument, needs support.  

While the importance of establishing the external validity of RCT results is widely accepted, 

many authors, especially within the economic literature, have argued against the claim that 

evidence from methods other than RCTs is necessary for this. Instead, it is argued that evi-

dence obtainable from RCTs alone is sufficient for establishing the external validity of RCT 

 
7 In the remainder of the thesis, I shall thus, for brevity reasons, frequently refer to the external validity argument 
as an argument that questions the special role of RCTs for the EBP movement. However, it would be more accu-
rate to say that the external validity argument questions whether this role can be defended by pointing to the 
reliable causal estimates that RCTs produce and the minimal assumptions that RCTs require.  
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results. For instance, authors such as Athey and Imbens have argued that the external validity 

of initial RCT results can be established by replicating the result in additional RCTs conducted 

in different settings (Athey and Imbens 2018, p. 80). Or, it has been proposed to estimate the 

effect of a policy for a different setting based on the initial RCT result by calculating subgroup 

effects based on the initial RCT data and reweighting these according to the composition of 

the population of interest (Deaton and Cartwright 2018a, p. 13). 

This discussion shows that the essential claim of the philosophical external validity critique – 

that the external validity of RCT results can only be established with evidence from other 

methods which rely on additional, substantive assumptions – is contested. However, this claim 

is necessary for using the external validity critique as an argument against the special role of 

RCTs for EBP. That is, without evidence from methods other than RCTs being necessary for 

establishing the external validity of RCT results, no assumptions beyond the minimal RCT as-

sumptions are required for producing useful evidence for policymaking. Then, the external 

validity critique cannot make a case against the special role of RCTs for EBP by questioning the 

minimality of assumptions that RCTs require. Thus, the philosophical case against the special 

role of RCTs for EBP, which mainly relies on the external validity critique, needs support.  

Conclusion 

In this chapter, I have introduced the EBP movement and the special role that RCTs play in this 

movement. As discussed, this special role is grounded in what I call the “RCT argument”. This 

argument defends the special status of RCTs by pointing to the reliable causal estimates that 

RCTs produce and the minimal assumptions that RCTs require. However, we have seen that 

the RCT argument is questioned in the philosophical literature, mainly based on concerns 

about external validity.  

The philosophical external validity argument attacks the RCT argument by arguing that RCT 

results must hold up in other policy contexts of interest for using evidence from RCTs for pol-

icymaking. For establishing this, it is argued, evidence from methods other than RCTs is 

needed. These methods, in turn, rely on assumptions beyond the minimal RCT assumptions.  

However, we have also seen that the philosophical case against the special role of RCTs for 

EBP needs support. This is because the essential premise of the external validity argument – 

i.e. that evidence from methods other than RCTs is necessary for establishing the external 

validity of RCT results - is not widely accepted beyond the philosophical literature.  
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In the next chapter, I point to an argument that has not yet received much attention from 

philosophers but could, as I shall argue, fill the gap created by the absence of acceptance of 

the external validity argument: The MTE argument.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



24 
 

Chapter 2 

The MTE Argument Can Provide the Needed Support 

Introduction 

In this chapter, I argue that the MTE argument can provide the needed support for the philo-

sophical case against the special role of RCTs for EBP if it can be shown to be persuasive. To 

this end, I first present the MTE argument in more detail in sections one, two, three and four.  

I then analyse parallels in the argumentative strategy of the external validity and the MTE 

argument in section five. As I show, both arguments point to assumptions beyond the minimal 

RCT assumptions, which are argued to be necessary for obtaining policy-relevant evidence 

from RCT data. Based on this, I conclude that the MTE argument can provide the required 

support for the philosophical case against the special role of RCTs for EBP if it can be shown 

to be persuasive. As I outline, this persuasiveness hinges on establishing the third and fourth 

premise of the MTE argument, which I turn to in the remainder of the thesis. 

1. The Structure of the MTE Argument 

As discussed, the MTE argument can be depicted as follows: 

P1: Mean treatment effects, which are obtainable from RCT data based on minimal 
assumptions, are insufficiently informative for policymaking. 

P2: Distributional parameters obtained from RCT data convey additional, policy-rele-
vant information. 

P3: The joint distribution is needed for obtaining policy-relevant distributional infor-
mation conveyed by distributional parameters from RCT data. 

P4: To obtain policy-relevant distributional information conveyed by distributional pa-
rameters that depend on the joint distribution from RCT data, (1) additional assump-
tions that (2) go beyond the minimal RCT assumptions are necessary. 

C: Therefore, for obtaining (some types of) policy-relevant evidence from RCT data, we 
need to move beyond the minimal assumptions that allow for the identification of 
mean treatment effects. 

In the following sections, I provide a detailed introduction of the MTE argument by discussing 

its four premises, starting with the first one.  
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2. The First Premise of the MTE Argument 

By stating that mean treatment effects obtained from RCT data are insufficiently informative 

for policy-making purposes, the first premise of the MTE argument reflects frequently voiced 

criticisms regarding the emphasis on mean treatment effects in the analysis of RCT data. 

These criticisms, which are often voiced in the economic literature, aim at the practice of 

thinking of mean treatment effects as the main parameter of interest in the context of RCTs.  

And indeed, as we saw, the mean treatment effect is usually reported as the main result in 

the analysis of RCT data (Bedoya et al. 2017, p. 1; Imbens and Wooldrige 2009, p. 15).  

The rise of the EBP movement has strengthened the focus on mean treatment effects. As dis-

cussed, the EBP movement focuses on “what works” in policymaking. That is, the focus of the 

EBP movement is on evidence for policy effectiveness. And of course, for providing evidence 

that a policy measure was effective in producing a given outcome in the studied situation, 

mean treatment effects obtained from RCT data are sufficient (Heckman 2020, p. 33; Na et al. 

2015, FN 2). 

To attack the emphasis of mean treatment effects in the analysis of RCT data, the criticisms 

reflected in the first premise of the MTE argument start from concerns about heterogeneity 

in treatment effects. That is, the individual-level effects of the policies studied in RCTs often 

vary substantially within the studied population8. For instance, it is likely that not all students 

in a trial school profit the same way from a class-size reduction measure: For some, the in-

creased attention from their teachers might make all the difference. Other students might 

already have performed well without more attention (Banerjee and Duflo 2008, p. 13; Na et 

al. 2015, p. 291; Subramanian et al. 2018, p. 1).  

Why does treatment effect heterogeneity render mean treatment effects insufficiently in-

formative for policymaking, as the first premise of the MTE argument suggests? In the litera-

ture, two theoretical arguments for why that is can be found: Firstly, it is argued that mean 

treatment effects might apply to no one or a limited number of individuals in the studied pop-

ulation if there is treatment effect heterogeneity. Secondly, it is argued that mean treatment 

effects might suggest false conclusions regarding the desirability of a policy in the presence of 

 
8 For empirical evidence regarding treatment effect heterogeneity see e.g. Bitler et al. 2003 or Djebbari and Smith 
2008. 
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treatment effect heterogeneity. To grasp these arguments and thus the support for the claim 

reflected by the first premise of the MTE argument, consider the following example: 

Imagine an RCT conducted in different schools in a country, aiming to determine whether 

smaller class-sizes improve student test scores9. Also, imagine that the mean treatment effect 

obtained from the RCT is zero, and thus indicates that the policy is ineffective (discussed in 

Deaton and Cartwright 2018a, p. 16 and Subramanian et al. 2018, p. 1). 

Does this result mean that a specific school among the schools studied in the RCT should not 

reduce class-sizes? According to some authors, this is not the correct conclusion in the pres-

ence of heterogeneity in policy responses. As they argue, heterogeneity in policy responses 

might mean that the calculated mean treatment effect for the population applies to none or 

very little of the individuals in the population (Subramanian et al. 2018, pp. 2f.).  

Thus, while the mean treatment effect in our class-size example equals zero, heterogeneity in 

policy responses might mean that none of the schools experienced an effect of zero. Instead, 

the mean of zero might reflect that some schools benefitted a lot from the policy while other 

schools got harmed by the intervention. Unless we know about the underlying heterogeneity 

in policy responses in the population, there is no way for us to distinguish between the two 

stories (Deaton 2010, p. 439; Na et al. 2015, p. 290). 

For policymakers, it seems problematic that the average policy response reflected by mean 

treatment effects might apply to no one or a limited number of individuals in their population. 

After all, policymakers want to introduce policies that benefit individuals. However, if the av-

erages obtained from RCTs do not apply to any of the individuals the policymaker is interested 

in, then RCT results in the form of means are insufficiently informative for policymakers (Dea-

ton 2010, p. 441). 

This problem implies another argument for why mean treatment effects obtained from RCTs 

are insufficiently informative for policymakers, as suggested by the first premise of the MTE 

argument. That is, mean treatment effects might give a wrong impression regarding the de-

sirability of a policy measure.  

 
9 In this case, the experimental population is also the target population of the policy. This is useful for separating 
external validity concerns and concerns about the informativeness of mean treatment effects (see section 5). 
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For instance, imagine that our class-size reduction RCT revealed a positive mean treatment 

effect. Such a result seems to indicate that the policy in question is desirable. However, it 

could be that this result merely reflects that a few schools benefited very much from the 

smaller classes while the students in most schools experienced a slight decline in test scores. 

This information would shed another light on the desirability of the policy. However, as we 

saw, it cannot be obtained from mean treatment effects (Deaton 2010, pp. 439ff.; Bitler et al. 

2003, p. 1).   

In sum, the first premise of the MTE argument reflects frequently voiced concerns about the 

focus on mean treatment effects in the analysis of RCT data for policy-making purposes. Two 

theoretical arguments back up these concerns. According to these arguments, heterogeneity 

in treatment effects might mean that mean effects apply to none or very little of the individ-

uals in the population of interest or might indicate false conclusions about the desirability of 

a policy.  

Having introduced the first premise of the MTE argument and its support, let us now turn to 

its second premise, which holds that distributional parameters convey additional policy-rele-

vant information.  

3. The Second Premise of the MTE Argument 

Given the insufficient informativeness of mean treatment effects for policymaking, econo-

mists have come up with several parameters that are argued to convey additional policy-rel-

evant information in the presence of heterogeneity in policy responses (Heckman et al. 1999, 

p. 1868; Na et al. 2015, p. 292).  

These parameters include metrics like the proportion of people who benefitted or got harmed 

by an intervention (Carneiro et al. 2003, p. 1; Na et al. 2015, p. 292), the median treatment 

effect (Deaton 2010, p. 439; Heckman and Smith 1995, p. 87), the gains of a particular sub-

group (Bedoya et al. 2017, p. 1), quantile treatment effects (Bitler et al. 2003, pp. 1ff.; Jackson 

et al. 2013, pp. 92f.), or the effect of the policy on the dispersion of the outcome (Firpo 2010, 

p. 1). In line with Heckman (Heckman 2008, p. 20) and Bedoya et al. (Bedoya et al. 2017, p. 1), 

I shall refer to these metrics as “distributional parameters” and the questions that they answer 

as “distributional questions” in the following. 
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The often-voiced claim that these distributional parameters convey additional, policy-relevant 

information compared to the insufficient information conveyed by mean treatment effects is 

reflected in the second premise of the MTE argument. Importantly, this claim is also backed 

up by empirical results regarding the information policymakers deem relevant when making 

implementation decisions based on evidence. To grasp the empirical support for the second 

premise of the MTE argument, let us look at the results from such a study. This study was 

conducted by Petticrew et al., who analysed what evidence policymakers engaged in evi-

dence-based policymaking deem relevant.  

One finding that emerges from their study is that policymakers think that the evidence pre-

sented to them “often had little to say about inequalities, as it commonly reported on average 

rather than distributional effects” (Petticrew et al. 2004, p. 813). Based on such quotes, the 

authors conclude that their study identified “specific gaps, in particular the need for infor-

mation on the distributional effects of interventions” (Ibid., p. 814). Furthermore, information 

on “distributional effects of interventions was also seen as crucial, but absent” (Ibid.) by poli-

cymakers. In a follow-up paper, the authors describe the findings of their previous study by 

saying that “there was a perceived need for evaluations of the differential impacts of policies 

on different socioeconomic groups” (Whitehead et al. 2004, p. 817). 

Based on these results, it seems plausible that policymakers indeed think that what I call “dis-

tributional parameters” convey additional, policy-relevant information compared to the insuf-

ficient information conveyed by mean treatment effects. Thus, the claim reflected by the sec-

ond premise of the MTE argument is backed up by empirical evidence. Having introduced the 

first two premises of the MTE argument and the theoretical arguments and empirical results 

backing them up, let us turn to the third and the fourth premise.  

4. The Third and the Fourth Premise of the MTE Argument 

According to the third premise of the MTE argument, the joint distribution is needed for ob-

taining policy-relevant distributional information conveyed by distributional parameters from 

RCT data. To obtain this policy-relevant information by obtaining the joint distribution, as re-

flected by the fourth premise, (1) additional assumptions that (2) go beyond the minimal RCT 

assumptions are required. In the following, let us grasp the ideas behind these two premises, 

starting with the third one. 
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4.1. The Third Premise of the MTE Argument 

For understanding the idea behind the third premise of the MTE argument, let us first recall 

the joint distribution, which figures prominently in this premise. As we briefly discussed in the 

introduction, the joint distribution gives us the outcomes of each experimental subject for 

both the state of treatment and the state of control. Formally, we can write this as F(Y0,Y1). 

For instance, in a class-size reduction RCT, the joint distribution gives us the test scores of each 

experimental subject for the state in which she was allocated to a small and a large class. From 

knowing the outcomes of each experimental subject for both states, i.e. F(Y0,Y1), we can also 

infer how the impact is distributed, i.e. F(Y1-Y0)10 (Heckman and Smith 1995, p. 96; Heckman 

et al. 1999, p. 1879). 

In contrast, the marginal distributions give us the control and treatment group outcomes, re-

spectively. Formally, we can write this as F(Y0) and F(Y1). In the class-size reduction RCT, the 

marginal distributions thus give us the test scores for the individuals in the smaller classes and 

those in the larger classes, respectively (Heckman and Smith 1995, p. 96). 

The marginal distributions are sufficient for obtaining the mean treatment effect, which can, 

given that the mean is a linear operator, be identified by comparing the mean outcomes in 

treatment and control group. These, in turn, are features of the marginal distributions. This 

contrasts the mean treatment effect with other parameters, such as some of the distributional 

parameters discussed above. For instance, comparing the median outcomes of treatment and 

control group in an RCT does not, in general, give us the median treatment effect. This is be-

cause these distributional parameters depend on the joint distribution, as reflected by the 

third premise of the MTE argument (Heckman and Smith 1995, p. 89; Imbens and Wooldrige 

2009, p. 17).   

4.2. The Fourth Premise of the MTE Argument  

For understanding the idea behind the fourth premise of the MTE argument, let us recall the 

fundamental problem of causal inference discussed in the previous chapter. As we saw, this 

problem arises because we can only observe every experimental subject in either the control 

or the treatment group simultaneously. Therefore, for each experimental subject, we only 

learn the outcome for either the state of treatment or the state of control from RCT data. 

 
10 Since the impact distribution depends on the joint distribution, I will stick to the latter in the following.  
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Formally, we either learn Yi0 (outcome for individual i for the state of control) or Yi1 (outcome 

for individual i for the state of treatment) but never (Yi0, Yi1) (Heckman and Smith 1995, p. 96). 

Therefore, pure RCT data only provides us with the two marginal distributions, one for the 

control (F(Y0)) and one for the treatment group (F(Y1)). However, since we cannot observe any 

experimental subject in both treatment and control group simultaneously and thus only know 

one coordinate of (Y0, Y1), pure experimental data does not give us the joint distribution (F(Y0, 

Y1)) (Ibid., p. 96; Bitler et al. 2003, p. 16). 

Why is it impossible to obtain the joint distribution from RCT data alone? To see this, consider 

the graph below (taken from Djebbari and Smith 2008, p. 69) and imagine that it was taken 

from a class-size reduction RCT. In the graph, you can see the two marginal distributions that 

we obtain from pure RCT data: The one for the control group, on the left and the one for the 

treatment group, on the right.  

 

The problem with obtaining the joint distribution based on pure RCT data arises as follows: 

From knowing the outcome of a given experimental subject in the control group, we can infer 

nothing about where she would have appeared in the distribution of outcomes in the treat-

ment group. For instance, an individual in the control wing of the class-size reduction RCT 

might be located at the lower end of the respective marginal distribution. However, we do not 

know where she would appear in the marginal distribution of the treatment group. As the 

arrows indicate, she might, for instance, appear at the lower end of the distribution again, but 

she might as well also move up to the upper end of the distribution. Without knowing this, we 

cannot obtain the outcomes for any experimental subject in both states, which would give us 

the joint distribution (Heckman et al. 1997, p. 495). 
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For obtaining the joint distribution based on the two marginal distributions, we would need 

information about the relationship between the outcomes in the state of treatment and con-

trol, that is, between the two marginal distributions. This information is, however, not availa-

ble from pure RCT data. Thus, we need to assume something about this relationship to obtain 

the joint distribution from RCT data (Heckman and Smith 1995, p. 89 and p. 96). 

For instance, we could assume that the class-size policy had the same impact on everyone, i.e. 

that the two marginal distributions only differ by a constant. For example, for an individual in 

the control wing of the class-size reduction RCT, we could then recover her test score in the 

case of treatment by simply adding the constant effect to her control test score, which we 

observe (i.e. Yi0 + C = Yi1). This would give us both coordinates of (Yi0, Yi1) for each experimental 

subject and thus the joint distribution. The necessity of additional assumptions for recovering 

the joint distribution grounds the claim made by the fourth premise of the MTE argument. 

This concludes our discussion on the claims reflected by the third and the fourth premise of 

the MTE argument. Importantly, we have not yet discussed arguments or empirical evidence 

that support these claims. As we shall see below, this support is fading in light of methodolog-

ical advancements in the RCT literature. Motivated by this fading support, I defend the third 

and fourth premise, and thus the persuasiveness of the MTE argument, in the following chap-

ters. Before being able to do so, let us first establish the relevance of such a discussion for the 

philosophical discussion on the special role of RCTs for the EBP movement in the next section.  

5. The Relevance of the MTE Argument for the Philosophical Discussion on the EBP 

Movement 

Based on the preceding analysis of the MTE argument, I now point to decisive parallels be-

tween the MTE and the external validity argument. In doing so, I want to establish the rele-

vance of a discussion on the persuasiveness of the MTE argument for the philosophical dis-

cussion on the special role of RCTs for the EBP movement. 

As discussed, the external validity argument is the main argument employed by philosophers 

when questioning the special role of RCTs for the EBP movement. The external validity argu-

ment attacks this special role by pointing out that RCT results must hold up in other policy 

contexts of interest (“external validity”) for using evidence from RCTs for policymaking. For 

establishing the external validity of an RCT result, it is argued, evidence from methods other 
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than RCTs is needed. These methods, in turn, rely on assumptions beyond the minimal RCT 

assumptions.  

In the following, I argue that the external validity and the MTE argument have a similar argu-

mentative strategy. Firstly, both arguments can be read as acknowledging the first proposition 

of the RCT argument, that RCTs provide reliable evidence for causal claims.  

Secondly, reliable evidence on policy effectiveness is argued not to be enough for making pol-

icy decisions based on evidence. In addition, RCTs would have to 1) provide evidence that the 

policy in question is also effective in producing the desired outcome in other contexts of in-

terest and 2) deliver policy-relevant information conveyed by distributional parameters.   

As outlined, 1) and 2) are then argued only to be possible if one is willing to go beyond the 

minimal substantive RCT assumptions due to which RCTs are taken to be a privileged source 

of evidence for policymaking. According to the external validity argument, the methods re-

quired for generating the evidence necessary for establishing the external validity of RCT re-

sults require additional, substantive assumptions. According to the MTE argument, additional, 

substantive assumptions are necessary for obtaining the joint distribution and, thus, policy-

relevant distributional information from RCT data. Thereby, both arguments attack the second 

proposition of the RCT argument of EBP proponents.  

However, as we saw in the last chapter, the key premise of the external validity argument that 

makes it possible to use this argument to question the second proposition of the RCT argu-

ment is not broadly acknowledged. Therefore, I argued, the philosophical case against the 

special role of RCTs for EBP, which mainly relies on the external validity argument, needs sup-

port. Given that, as we just saw, the MTE argument and the external validity argument have 

the same argumentative strategy, this support could come from the MTE argument. However, 

to lend this support, it is necessary to show that the MTE argument is more persuasive than 

the external validity argument has been so far. 

Additionally, the MTE argument can be used to attack the special role of RCTs for EBP in cases 

in which the external validity argument cannot. For instance, in cases in which the trial sample 

is known to be a representative sample of the target population of interest, external validity 

concerns do not arise (Subramanian et al. 2018, p. 1). Thus, even if the external validity argu-

ment was broadly acknowledged to be persuasive, it could not be used to question the special 
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role of RCTs for EBP in these cases. However, the problem that mean treatment effects are 

insufficiently informative for policymakers also arises in cases in which the trial sample is 

known to be a representative sample of the target population of interest. Thus, the MTE ar-

gument, if shown to be persuasive, can question the special role of RCTs for EBP in these cases, 

while the external validity argument cannot. 

These two considerations – i.e. that the MTE argument, if shown to be persuasive, could sup-

port the philosophical case against the special role of RCTs for EBP in cases in which (a) the 

external validity argument holds up but is not broadly accepted and in cases in which (b) the 

external validity argument does not hold up – call for a philosophical discussion on the per-

suasiveness of the MTE argument to find out if it can fulfil these two purposes.  

Conclusion 

In this chapter, we have established that the MTE argument – if shown to be persuasive - could 

strengthen the philosophical case against the special role of RCTs for the EBP movement. As 

established in the last chapter, this case needs support because the main premise of the ex-

ternal validity critique is not well accepted beyond the philosophical literature. By analysing 

parallels in the argumentative strategy of the MTE and the external validity argument, we have 

seen that the MTE argument could fill the gap created by this absence of acceptance. We also 

discussed that it could even strengthen the philosophical case against the special role of RCTs 

for EBP in cases in which the external validity argument cannot do so.  

To see if the MTE argument can fulfil these two functions and thus strengthen the philosoph-

ical case against the special role of RCTs for EBP, the remainder of the thesis presents a philo-

sophical discussion of the persuasiveness of the MTE argument. Above, we have already seen 

that theoretical arguments and empirical evidence back up the first premise and the second 

premise of the MTE argument. However, we have not discussed the support for the third and 

the fourth premise.  

Should these two premises turn out to be unconvincing, then the MTE argument faces similar 

problems as the external validity argument does. That is, it might be that, contrary to what 

the third premise of the MTE argument suggests, the joint distribution is not necessary for 

obtaining distributional parameters that convey distributional information of relevance to pol-

icy-makers from RCT data. Then, the assumptions that allow us to recover the joint distribu-

tion, as discussed above, would not be required for obtaining policy-relevant information from 
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RCT data. In the same vein, it might be, contrary to what is suggested by the fourth premise, 

that there are ways of obtaining the policy-relevant distributional information from the joint 

distribution without having to make additional assumptions.  

In either case, no additional, substantive assumptions would be required for obtaining distri-

butional information of relevance for policymakers from RCT data. Then, the MTE argument 

could not support the philosophical case against the special role of RCTs for the EBP move-

ment. As we just saw, using the MTE argument for this purpose is only possible because the 

MTE argument questions the alleged minimality of assumptions that RCTs require for produc-

ing evidence of relevance for policymakers. Thus, the third and fourth premise of the MTE 

argument are essential for using the MTE argument to argue against the special status of RCTs 

for EBP. 

However, methodological advancements in the RCT literature cast doubt on these two essen-

tial premises. Possibilities such as subgroup analysis, quantile treatment effects and bounding 

seem to render either the joint distribution or additional assumptions unnecessary for obtain-

ing policy-relevant distributional information from RCT data. This would weaken the potential 

of the MTE argument to support the philosophical case against the special role of RCTs for the 

EBP movement by questioning the second proposition of the RCT argument. Thus, the follow-

ing chapters discuss the persuasiveness of the MTE argument with a focus on whether its third 

and fourth premise hold up in light of these methodological advancements, starting with the 

third premise.  
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Chapter 3 

The Threat from Distributional Parameters that Solely Depend on the Marginal Distribu-
tions 

Introduction 

This chapter presents the first step towards defending the claim advanced by the third prem-

ise of the MTE argument, i.e. that the joint distribution is necessary for obtaining distributional 

information of relevance to policy-makers from RCT data.  

As I show in the first section, this premise is threatened: The host of distributional information 

available from distributional parameters that do not depend on the joint distribution ques-

tions the alleged necessity of distributional information solely available from the joint distri-

bution for informing policymakers. I introduce subgroup means as the classic case for such a 

parameter and quantile treatment effects as the, as I argue, strongest case. 

Having established that especially quantile treatment effects provide policymakers with a lot 

of useful distributional information, I discuss the distributional information that policy-makers 

cannot obtain from these two distributional parameters in section two. There, I discuss that 

these parameters do not provide policymakers with information on the distribution of individ-

ual-level impacts, such as the impact of a policy on individuals located at a given quantile of 

the initial outcome distribution. This result provides the basis for the next chapter, where I 

argue that this is information that is relevant for policymakers, thereby defending the third 

premise of the MTE argument.  

1. The Threat from Distributional Parameters Obtainable from RCT Data Alone 

As discussed in the previous chapter, the third premise of the MTE argument embodies the 

idea that many distributional parameters which convey policy-relevant distributional infor-

mation depend on the joint distribution. Thus, it is argued, the joint distribution is required 

for obtaining policy-relevant distributional information from RCT data. In conjunction with the 

fourth premise of the MTE argument, the third premise thus attacks the second proposition 

of the RCT argument discussed above, i.e. that RCTs only require minimal substantive assump-

tions for producing evidence of relevance to policy-makers.  

However, methodological advancements in the RCT literature cast doubts on this essential 

step in the MTE argument embodied in its third premise: Distributional parameters such as 

subgroup means or quantile treatment effects provide ways of obtaining a host of policy-
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relevant distributional information from RCT data without requiring the joint distribution. This 

is possible because these distributional parameters only depend on the marginal distributions, 

which we can obtain from RCT data alone. Thus, should it turn out that these parameters 

already provide policymakers with all relevant distributional information, then the joint distri-

bution would not be necessary for obtaining policy-relevant distributional information from 

RCT data. This would undermine the third premise and thus the persuasiveness of the MTE 

argument as an argument in support of the philosophical case against the special role of RCTs 

for EBP.  

In the following section, I analyse subgroup means and quantile treatment effects, highlighting 

the host of distributional information that these two parameters can provide policymakers 

with. Doing so will clarify how this host of distributional information questions the alleged 

necessity of distributional information solely available from the joint distribution for informing 

policymaking. Thereby, the threat for the third premise of the MTE argument just sketched 

will become more concrete.  

1.1. The Classic Example: Subgroup Means 

I start the analysis of distributional parameters which can be calculated from RCT data without 

obtaining the joint distribution with subgroup means. Subgroup means are classically pre-

sented as a powerful way of obtaining distributional information from RCT data (Bitler et al. 

2003, p. 2; Jackson et al. 2013, p. 92). Consequently, subgroup means are often reported next 

to mean treatment effects in practice, making it a distributional parameter that has already 

gained widespread popularity (Djebbari and Smith 2008, p. 72). 

In the following, I introduce subgroup means and explain how subgroup means can be calcu-

lated from RCT data without obtaining the joint distribution. Then, I discuss which distribu-

tional information subgroup means can provide policymakers with. 

As the name indicates, subgroup means are informative about the average effect of a policy 

on a specific subgroup of experimental subjects. These subgroups are defined according to 

observable characteristics that their members share, such as gender or educational attain-

ment. In other words, subgroup means are mean treatment effects that are not calculated for 

the whole experimental population but only for a subsample with specific observable charac-

teristics (Bedoya et al. 2017, p. 8 and pp. 32f.).  
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For instance, imagine that we were interested in whether having free computer access in 

schools affects girls’ digital literacy differently than it affects the digital literacy of their male 

peers. For finding out about this, we could obtain the subgroup mean for the subgroup of boys 

and for that of the girls. For this, we would have to compare the average digital literacy of 

treated girls with that of girls in the control group and proceed analogously for boys11.  

This example shows that subgroup means can be similarly obtained from RCT data as the mean 

treatment effects discussed in the previous chapter: Just as mean treatment effects, subgroup 

means are obtained by comparing the average outcomes in control and treatment group, the 

only difference being that the two groups share a given observable characteristic (Ibid., pp. 

32f.; Athey and Imbens 2018, p. 123). 

From this comparison, it becomes clear why subgroup means do not depend on the joint dis-

tribution: The mean outcomes in control and treatment group, which are compared when 

obtaining subgroup means, are features of the two marginal distributions of treatment and 

control group. Now, which distributional information do subgroup means as the classic exam-

ple for a distributional parameter that solely depends on the marginal distributions provide 

policymakers with?  

As indicated in the examples above, subgroup means provide information regarding whether 

specific groups, that share given observable characteristics, are more or less likely to benefit 

from a policy measure of interest. This is very valuable distributional information for policy-

makers: One can imagine that policymakers might be especially interested in helping certain 

groups and would not want to implement policy measures if these groups would not benefit. 

For instance, a policymaker might not be willing to provide the free computer access discussed 

above if this does not improve girls' digital literacy.  

And even though subgroup means already provide policymakers with a lot of information con-

cerning the distributional effects of policies, a second distributional parameter is argued to 

provide even more detailed insights concerning this (Bitler et al. 2003 and Jackson et al. 2013). 

 
11 Obtaining subgroup means requires more conditions compared to obtaining the mean treatment effect for the 
whole sample. For instance, it is necessary that the subgroup of interest has observations in both the control and 
the treatment group (Bedoya et al. 2017, p. 32f.). However, these conditions are usually not seen as overly de-
manding because they can often be dealt with in a straightforward manner (Banerjee and Duflo 2008, pp. 26f.). 
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This parameter is called the quantile treatment effect and can, just as subgroup means, be 

obtained from RCT data without needing the joint distribution.  

I shall thus introduce quantile treatment effects (in the following: QTEs) in the next subsection. 

I then present empirical evidence for the claim that QTEs provide policymakers with even 

more detailed information concerning the distributional effects of policies than subgroup 

means do. For this, I use a case study from education policy. Finally, I present theoretical re-

sults concerning the high informativeness of QTEs for policymaking. Thereby, it becomes clear 

why QTEs provide the strongest case against the claim reflected in the third premise of the 

MTE argument, i.e. that distributional information solely obtainable from the joint distribution 

is relevant for policy-makers.  

1.2. The Strongest Case: QTEs 

In the case study that I want to discuss, Jackson et al. re-analyse data from one of the most 

famous RCTs within education policy: The Tennessee STAR experiment. In this RCT, the impact 

of class-size reductions on student outcomes was examined. For this, students were randomly 

assigned to either a small class containing 13-17 students or a regular class with 22-25 stu-

dents12. Then, student achievement, measured by how the students scored in a standardized 

test, was compared between the two groups. The RCT revealed a strikingly positive effect of 

smaller class-sizes on student outcomes (Jackson et al. 2013, pp. 94f.). 

Inspired by this striking result, many researchers have examined the distributional effects of 

class-size reductions using the STAR data. For this, researchers have mostly looked at sub-

group means. In doing so, they found that subgroups characterized by coming from low-in-

come households or belonging to an ethnic minority benefited more from class-size reduc-

tions compared to more advantaged students. For instance, researchers found a higher sub-

group mean for black students than for white students (Ibid., pp. 99ff.). 

In contrast to these subgroup analyses, Jackson et al. use QTEs for analysing the distributional 

effects of class-size reductions based on the STAR data. QTEs are estimated by looking at the 

difference in quantiles of the outcome distributions of treatment and control group (Athey 

and Imbens 2018, p. 91; Bitler et al. 2003, p. 16). 

 
12 A third group was assigned to a regular class with a full-time teacher’s aid (Jackson et al. 2013, p. 94). 
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For instance, obtaining the QTE at the 0.5 quantile in the case of the STAR experiment would 

work as follows: We would take the difference between the median test score of the treat-

ment group, which was allocated to smaller classes, and the median test score of the control 

group. Doing so would be informative about the effect of a class-size reduction measure at 

the median of the achievement distribution (Jackson et al. 2013, p. 95). 

For this example, a formal expression of QTEs would look as follows: QTE0.5 = qY(1)(0.5) – 

qY(0)(0.5). From this formal expression, it becomes clear that QTEs can also be obtained from 

RCT data solely based on the marginal distributions and thus without requiring the joint dis-

tribution: As the formula shows, QTEs are, as mean treatment effects, calculated by compar-

ing features of the marginal distributions. The only difference is that QTEs are calculated by 

taking the difference between quantiles of the marginal distributions and not the means 

(Athey and Imbens 2018, p. 91).  

Having introduced QTEs, let us go back to our case study by Jackson et al., who employ QTEs 

for analysing the distributional effects of class-size reductions using the STAR data. For this, 

Jackson et al. estimate these QTEs for all 99 centiles of the test score distribution. Thereby, 

they obtain the effect of class-size reductions at each of the 99 centiles. In doing so, they find 

that the effects of smaller classes are positive over all of the achievement distribution and that 

the highest gains are at the top of the achievement distribution (Jackson et al. 2013, pp. 96ff.).  

Interestingly, this result paints a different picture concerning the distributional effects of the 

STAR experiment compared to the results obtained by authors who have used subgroup 

means instead of QTEs for analysing the STAR data. As pointed out, these authors found that 

the subgroup mean for students from disadvantaged socio-economic backgrounds was higher 

than the mean for students from advantaged backgrounds. However, as Jackson et al. explain, 

students from disadvantaged socio-economic backgrounds usually, and also in the case of the 

STAR experiment, have lower test scores compared to their peers. Therefore, the finding from 

Jackson et al.’s QTE analysis (i.e. that the biggest gains are at the top of the achievement dis-

tribution) sheds another light on the distributional effects of class-size reductions than the 

finding from the subgroup analyses (i.e. that students from disadvantaged socio-economic 

backgrounds benefitted most) (Ibid., p. 100). 

As Jackson et al. argue, this seeming contradiction between the findings from their QTE anal-

ysis and the subgroup analyses indicates that QTEs provide us with a more detailed picture of 
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the distributional effects of policies. While the subgroup analyses implied that class-size re-

ductions are especially beneficial for students from disadvantaged socio-economic back-

grounds, the analysis from QTEs qualifies this result. It does so by revealing that the result is 

mainly driven by students from disadvantaged backgrounds who are at the top of the achieve-

ment distribution (Jackson et al. 2013, p. 93 and p. 101).  

From this example, we can see that QTEs provide policymakers with an even more detailed 

and rich picture of the distributional effects of policies, thereby enriching the information ob-

tainable from subgroup analyses. More generally, in cases in which the intra-group variation 

is larger than the inter-group variation in mean impacts, like in the present case, QTEs reveal 

information regarding the distributional effects of interventions that subgroup means do not 

reveal. For instance, in the case of the STAR experiment, the QTE analysis revealed more in-

formation regarding the distributional effects of the policy because the variation in impacts 

within the group of students from disadvantaged backgrounds was larger than the variation 

in impacts between the group of students from disadvantaged and advantaged backgrounds 

(Ibid., p. 93).  

These empirical results regarding the detailed distributional information that QTEs provide 

policymakers with are also supported by theoretical research on the informativeness of QTEs 

regarding the distribution of impacts. For example, it has been shown that if any obtained QTE 

is negative (positive), we know that the treatment effect must be negative (positive) for some 

parts of the outcome distribution. For instance, given the positive QTEs obtained by Jackson 

et al., we can conclude that at least some students benefitted from the class-size reductions. 

Given these properties, QTEs provide policymakers with a detailed picture of the distribution 

of treatment effects (Ibid., pp. 95f.; Bitler et al. 2003, pp. 17).  

Furthermore, QTEs can be used for obtaining many other distributional parameters of inter-

est, such as the Gini coefficient. This is because many distributional parameters are inequality 

measures, which are, in turn, functions of quantiles. Since many of these inequality measures 

are important in policymaking discourses on the distributional effects of interventions, QTEs 

provide valuable input for these discourses (Atkinson 1970, p. 244; Firpo 2007, p. 259; Frölich 

and Molly 2013, pp. 347f.). 

Thus, there are empirical and theoretical arguments for a high informativeness of QTEs re-

garding the distributional effects of interventions. Thereby, QTEs provide policymakers with a 
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host of distributional information. This severely threatens the third premise of the MTE argu-

ment. It does so by casting doubts on the relevance of distributional information conveyed by 

distributional parameters that depend on the joint distribution for policymaking.  

To refute this threat in the next chapter, the following section highlights which distributional 

information is not obtainable from QTEs as the strongest case for a distributional parameter 

that can be obtained solely from the marginal distributions. This provides the basis for my 

later argument that this distributional information is relevant for policymaking. 

2. What Quantile Treatment Effects Miss 

To see which information cannot be obtained from QTEs, it is helpful to distinguish between 

QTEs and quantiles of the difference Y1-Y0. 

As described above, QTEs are differences in quantiles of the two marginal distributions and 

can be written as follows: QTEs = qY(1)(s) – qY(0)(s). They thus must be distinguished from the 

quantiles of the difference Y1-Y0, which can be written as follows: QDs = qY(1) – Y(0)(s). For in-

stance, it is thus not the case that the difference in median test scores between the treatment 

and the control group in the STAR experiment generally equals the median of the difference 

of the two test score distributions, i.e. the median treatment effect13. (Athey and Imbens 

2018, p. 91; Imbens and Wooldrige 2009, p. 17).  

This general difference arises in the presence of what Bedoya et al. call “individual mobility 

across the distribution” (Bedoya et al. 2017, p. 7). With that, they mean that a policy can in-

duce re-orderings regarding the ranks individuals occupy in the distribution of interest. For 

instance, it might be that a student in the STAR experiment who would have had the lowest 

score without treatment scores highest when being placed in a smaller class (Ibid.; Jackson et 

al. 2013, p. 95). In the literature, it is generally accepted that there are instances of mobility 

effects and, thus, that QTEs generally differ from quantiles of the difference Y1-Y0 (Athey and 

Imbens 2018, p. 91; Imbens and Wooldrige 2009, p. 17). 

This general difference between QTEs and quantiles of the difference Y1-Y0 in the presence of 

mobility effects is important because it prevents us from generally interpreting QTEs as quan-

tiles of the difference Y1-Y0. In the presence of mobility effects, QTEs only tell us about the 

 
13 This differentiates quantiles from the mean treatment effect, for which this applies because the mean is a 
linear operator. 
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effect of a policy on a given quantile, say, the median, of the outcome distribution. For in-

stance, in the study of Jackson et al., the obtained QTEs would be informative about whether 

class-size reductions caused the median of the achievement distribution to move up. How-

ever, QTEs are not informative about the policy's impact on students who were originally, that 

is, in the absence of the policy, at the median of the achievement distribution. In contrast, this 

is what the quantile of the difference Y1-Y0 is informative about (Abadie et al. 1998, p. 10). 

That mobility effects prevent us from generally interpreting QTEs as quantiles of the difference 

Y1-Y0 heavily limits the informativeness of QTEs, as the strongest case for a distributional pa-

rameter that does not depend on the joint distribution, for policymaking. To illustrate this, 

consider the following example study discussed by Bedoya et al. (2017): 

In this study (Bruhn et al. 2016), Bruhn et al. conduct an RCT to find out about the effect of 

financial education in high school on the financial proficiency of students. For this, schools 

were randomly allocated into two groups: A treatment group, which received classes in basic 

finance, and a control group, which did not. When comparing the financial proficiency of stu-

dents in control and treatment schools, the authors found a significant positive effect of fi-

nancial education on financial proficiency (Ibid., pp. 257ff.).  

Bedoya et al. re-analysed the data of this RCT to gain policy-relevant insights beyond Bruhn et 

al.’s result that students' financial literacy in treatment schools was higher on average. To also 

learn about the distributional impacts of this policy measure, Bedoya et al. calculated QTEs. 

Their results can be depicted as follows (Bedoya et al. 2017, p. 46): 
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In this graph, the dashed line depicts the mean treatment effect and the solid line the QTEs. 

Now, which policy-relevant information can be derived from this? At first sight, it seems that 

students with a low financial proficiency score benefitted more than the average, judging from 

the fact that the change in the bottom percentiles is, relatively speaking, larger (Bedoya et al. 

2017, p. 47). This would be valuable information for policymakers especially interested in the 

financial literacy of this group. 

However, it seems likely that some students at the bottom of the original financial proficiency 

distribution would move up the distribution in the case of financial education. These mobility 

effects prevent us from interpreting the depicted QTEs as quantiles of the difference Y1-Y0. 

Therefore, the QTEs in the graph tell us nothing about individuals at given quantiles of the 

original financial proficiency distribution. In the presence of mobility effects, the only distri-

butional information that this graph provides us with is that some students benefitted from 

the intervention since the QTEs are positive. From this, we could not even exclude the possi-

bility that some pupils were harmed by the policy (Ibid., p. 14 and p. 47).  

This illustrates how mobility effects generally limit the informativeness of QTEs for policymak-

ing by making QTEs uninformative about effects on individuals located at given quantiles of 

the original outcome distribution. We could overcome this limitation and, for instance, find 

out if low-scoring students benefit more from financial education by obtaining the quantiles 

of the difference Y1-Y0 directly. However, as becomes apparent from the formalization of this 

distributional parameter (QDs = qY(1) – Y(0)(s)), doing so requires obtaining the joint distribution.  

This discussion on the limited informativeness of QTEs in the presence of mobility effects il-

lustrates a general result regarding information obtainable from distributional parameters 

that only depend on the marginal distributions. Namely, these parameters are only informa-

tive about the impact of a policy on outcome distributions. For instance, QTEs are generally 

only informative about policy effects on given quantiles of the outcome distributions. In con-

trast, distributional parameters that depend on the joint distribution are informative about 

the distribution of individual treatment impacts. For instance, the quantiles of the difference 

Y1-Y0 tell us about the effect of a policy on individuals originally located at given quantiles of 

the outcome distribution (Ibid., p. 3; Firpo 2010, p. 1). 

This shows that even though especially QTEs as the strongest case for a distributional param-

eter that solely depends on the marginal distributions provide us with a host of distributional 
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information, information about the distribution of individual-level impacts is missed by them. 

Information on the distribution of individual-level impacts is, importantly, not limited to infor-

mation about policy effects on individuals originally located at given quantiles of the outcome 

distribution. Two other often mentioned examples in the literature are the proportion of peo-

ple who benefit from, or are harmed by, a policy and the variance of treatment effects (Bedoya 

et al. 2017, pp. 15ff.).  

Conclusion 

In this chapter, we looked at subgroup means and QTEs as the two main examples for distri-

butional parameters which are obtainable from RCT data without requiring the joint distribu-

tion. As discussed, especially QTEs provide us with a lot of distributional information. Thereby, 

the necessity of the joint distribution for obtaining policy-relevant distributional information 

from RCT data is called into question. However, we have also seen that distributional param-

eters that solely depend on the marginal distributions are not informative about the distribu-

tion of individual-level impacts. For instance, they do not inform us about the impact of a 

policy on individuals located in given quantiles of the initial distribution.  

This result forms the basis for the discussion in the next chapter. There, I discuss whether the 

threat for the third premise of the MTE argument raised in this chapter can be refuted. As 

already indicated, this depends on whether distributional parameters that solely depend on 

the marginal distributions provide policymakers with all policy-relevant distributional infor-

mation. Then, the information about which we have established that it can only be obtained 

based on distributional parameters that depend on the joint distribution would become irrel-

evant. This would imply that the third premise of the MTE argument, which is crucial for the 

MTE argument to be a persuasive argument against the special status of RCTs for the EBP 

movement, does not hold up.  
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Chapter 4 

Defending the Necessity of Distributional Information that is Solely Obtainable from the 
Joint Distribution for Policy Making 

Introduction 

In the last chapter, we focused on the third premise of the MTE argument. This premise holds 

that the joint distribution is needed to obtain policy-relevant distributional information con-

veyed by distributional parameters from RCT data. As discussed, the policy-relevance of this 

distributional information is called into question by the host of distributional information 

available from distributional parameters that do not depend on the joint distribution, espe-

cially from QTEs. This threatens the third premise of the MTE argument.  

However, we also discussed that the strength of this threat depends on the following: 

Whether the host of distributional information obtainable from these parameters is already 

sufficient for policymakers or whether distributional information that is solely obtainable from 

RCT data by obtaining the joint distribution is also necessary. This is the question that we shall 

discuss in this chapter, thereby defending the third premise of the MTE argument.  

In the economic literature, the question of whether distributional information that is solely 

obtainable from the joint distribution is a necessary input for policy-making decisions or if the 

information obtainable from the marginal distributions is sufficient is heavily debated:  

On one side of this debate, scholars argue that the only distributional information that policy-

makers require is information on how a policy affects outcome distributions (e.g. Manski 1996 

or Imbens 2010). That is, they argue that only information about how a policy impacts the 

distributions of interest for the scenario with and without the policy is policy-relevant (Firpo 

2010, p. 1). As discussed, this information is obtainable from the marginal distributions alone. 

On the other side of this debate, researchers argue that information about the distribution of 

individual treatment effects is also policy-relevant, over and above the information on how a 

policy affects outcome distributions (Ibid.). As we saw, this type of distributional information 

is only obtainable from the joint distribution. Inspired by a formulation in Bitler et al. (Bitler et 

al. 2003, p. 28), I shall refer to this view as the “Names-Matter-view”.  

By defending the relevance of distributional information solely obtainable from the joint dis-

tribution for policymaking, the Names-Matter-view backs up the third premise of the MTE 

argument. Thus, we can turn to defences of the Names-Matter-view for finding an argument 
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to defend the third premise of the MTE argument. In doing so, we can refute the challenge of 

a potential sufficiency of distributional information solely obtainable from the marginal distri-

butions for policymaking. 

In the first section of this chapter, I thus discuss a frequently employed argument from the 

Names-Matter-view literature. As I argue, this argument relies on an implicit assumption that 

would have to be defended for using it to strengthen the third premise of the MTE argument. 

In section two, I extract a potential defence for this implicit assumption from other writings of 

Names-Matter proponents. In doing so, I defend the third premise of the MTE argument. 

1. A Problematic Implicit Assumption 

In the frequently employed argument for the Names-Matter-view that I discuss in this section, 

Names-Matter proponents focus on the conditions under which the claim of the contrary 

view, i.e., that such information is not relevant for policymaking, would hold up. As Names-

Matter proponents argue, two such conditions, out of which one needs to hold to defend the 

contrary view, can be identified. Then, they argue that neither of these two conditions is plau-

sible. Thus, so the argument goes, distributional information solely obtainable from the joint 

distribution is relevant for policymaking (e.g. Heckman et al. 1997, p. 491). 

The two conditions of which one has to hold up to defend the contrary view according to 

Names-Matter proponents are the following: Either policymakers would have to think of dis-

tributional issues that can solely be illuminated by distributional parameters that depend on 

the joint distribution as irrelevant. That would be the case if policymakers deemed, for in-

stance, the effect of a policy on individuals who were originally located at a given quantile of 

the outcome distribution irrelevant for their implementation decisions (cf. Ibid.).  

Alternatively, the opposite view is argued to be defendable if distributional issues about which 

we can only learn based on the joint distribution can be offset by transferring policy benefits. 

For instance, it might be that a policymaker would deem the fraction of people who would be 

harmed by a policy option relevant for her implementation decision. However, even if a policy 

shown to have a positive mean treatment effect in an RCT harms most people while only ben-

efiting a few, it might be possible to eliminate this undesirable feature and redistribute bene-

fits from those who benefit to those who do not. In this case, the information on the positive 

mean treatment effect would be sufficient for the policymaker even though she cares about 
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the proportion of people who would be harmed (cf. Bedoya et al. 2017, p. 2; Heckman et al. 

1997, p. 491). 

Let us now see how Names-Matter proponents argue that neither of these two conditions 

holds up, starting with the second one. According to Names-Matter-view proponents, the con-

dition that transfers can offset undesirable distributional consequences of policies does not 

hold. This is because, firstly, not all policy benefits can be redistributed. Take the following 

example from education policy: The achievement benefits of students profiting from class-size 

reductions cannot just be conferred upon those who do not benefit or are even harmed. Just 

as many other goods, such as health, education benefits are not transferable. Thus, calling for 

a redistribution of benefits to offset undesirable distributional consequences of policies is ar-

gued not to be a viable option in many cases (Heckman and Vytlacil 2007, p. 4806).  

Secondly, even in cases where this is possible because the policy outcomes in question, such 

as those from our class-size reduction policy, can be translated in monetary terms and thus 

be redistributed, it is argued that practical problems emerge. For instance, transfers might be 

costly and thus efficiency-reducing. Or, there might be political restrictions on feasible redis-

tributions. Most importantly, Bedoya et al. point out that “implementing the optimal transfer 

scheme requires some knowledge of the distribution of gains and losses” (Bedoya et al. 2017, 

p. 2). However, this knowledge is only obtainable from the joint distribution, as we have seen 

in the last chapter. Thus, according to Names-Matter proponents, the possibility to redistrib-

ute cannot be counted as a reason for accepting the contrary view, which sees no role for 

information that is solely obtainable from the joint distribution (Heckman et al. 1997, p. 490). 

This discussion shows that Names-Matter proponents have formulated many arguments to 

back up their claim that one of the two conditions conditional on which one could accept the 

opposite view does not hold. Now, what about the other condition? Interestingly, arguments 

for why policymakers deem information solely obtainable from the joint distribution relevant 

for their policy-making decisions are much scarcer. This is, presumably, because Names-Mat-

ter-view proponents take this relevance for granted.  

However, relying on this as an implicit assumption becomes problematic if we want to use this 

argument to defend the third premise of the MTE argument. These problems would arise if it 

turned out that only a limited number of policymakers comply with the intuition of the Names-

Matter-view. That is, most policymakers might not deem distributional information such as 
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the proportion of people who got harmed by a policy relevant for their implementation deci-

sions. To answer the distributional questions from most policymakers based on RCT data, we 

would then not need the joint distribution and thus no additional assumptions.  

If that was true, then the argument for the Names-Matter-view discussed in this section would 

be unhelpful for defending the third premise of the MTE argument and thus its persuasive-

ness. This is because these considerations would imply that there are very few cases in which 

we would need assumptions beyond the minimal RCT assumptions to obtain relevant evi-

dence for policymakers from RCT data. This would severely limit the scope of the MTE argu-

ment as an argument against the special role of RCTs for EBP.  

The possibility that the implicit assumption made by Names-Matter proponents only holds up 

for a limited number of policymakers is especially salient in light of our discussion in the last 

chapter. There, we have seen that much information about which we intuitively think that it 

would be relevant for policymakers is readily available from distributional parameters that 

only depend on the marginal distributions. For instance, if policymakers wished to cater to the 

interest of specific groups such as children or women, information from subgroup means is all 

they need. Even if questions on inequality were on their minds, the inequality measures ob-

tainable from QTEs would provide the necessary insights. 

This discussion shows the need for defending the implicit assumption on which the argument 

for the Names-Matter-view discussed in this section relies. For this, we need an argument 

showing why policymakers would deem distributional information solely obtainable from dis-

tributional parameters that depend on the joint distribution relevant. Especially, this argu-

ment needs to hold even in light of the intuition that most information that policymakers 

deem relevant is obtainable from the marginal distributions. Without such an argument, the 

relevance of distributional information solely obtainable from the joint distribution for policy-

making would be limited. This would limit the MTE argument's scope.  

Ultimately, it will remain an empirical question whether distributional information solely ob-

tainable from the joint distribution is deemed relevant by policymakers. However, I argue in 

the next section that we can read one of the rare defences of Names-Matter proponents for 

why this information, which is argued to be more nuanced, would be policy-relevant as sug-

gesting the following: That we only need to make one general and plausible assumption about 

the interests of policymakers to render this information relevant for them. Based on this 



49 
 

defence of the implicit assumption made in the argument for the Names-Matter view dis-

cussed in this section, the third premise of the MTE argument can be defended. 

2. Defending the Names-Matter-View 

2.1. A Defence of the Implicit Assumption 

For arriving at this plausible and general assumption, let us turn to one of the scarce defences 

of the implicit assumption that distributional information that is solely obtainable from the 

joint distribution is relevant for policymakers from the Names-Matter-view literature: 

Using the joint distribution […], it is possible to develop a more nuanced understanding of the 
distributional impacts of public policies, and to move beyond comparisons of aggregate overall 
distributions induced by different policies to consider how people in different portions of an 
initial distribution are affected by public policy (Carneiro et al. 2003, p. 1, emphasis M.S.). 

As Carneiro et al. suggest in this quote, the understanding that policy makers gain about the 

impact of their policies based on the joint distribution is more nuanced compared to the un-

derstanding that the marginal distributions convey. As the authors seem to indicate, this nu-

anced information conveyed by the joint distribution is thus also more informative for policy-

makers. Thereby, the Carneiro et al. quote provides grounds for defending the policy-rele-

vance of this distributional information. Importantly, it would do so even in light of the intui-

tion discussed above, i.e. that most information that policymakers deem relevant can be ob-

tained from the marginal distributions. 

This defence thus provides a starting point for strengthening the third premise of the MTE 

argument. In the following, I want to make the support that this defence could lend to the 

claim made by the third premise of the MTE argument more concrete. For this, I want to pre-

sent one way of spelling out why precisely the nuanced information on “how people in differ-

ent portions of an initial distribution are affected by public policy” might be policy-relevant.  

For presenting one way in which this nuanced information could be policy-relevant, I will ex-

plicate a quote by Heckman et al.14, which is often discussed in the literature (e.g. Wu and 

Perloff 2007, p. 2). As I argue, Heckman et al.’s proposal can be read as suggesting that the 

nuanced information which is solely obtainable from the joint distribution becomes policy-

 
14 Moving from the nuanced information that the joint distribution provides for policymakers to asking why this 
information is policy-relevant requires several steps and assumptions that would be worth discussing in-depth. 
However, the purpose of explicating the proposal by Heckman et al. is merely to sketch one way in which one 
could spell out the policy-relevance of the nuanced distributional information that Carneiro et al. emphasize. 
Thus, I will not provide a detailed discussion on the assumptions and steps figuring into Heckman et al.’s account. 
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relevant under the general and plausible assumption that policymakers care about the sup-

port of voters. This quote reads as follows:  

The distribution of the benefits (and costs) from a programme determines the support for a 
programme if voters are self-interested or if they are altruistic. In median voter models, the 
mean is irrelevant unless it coincides with the median. An altruistic voter may wish to see the 
lot of the worst-off advanced if he adopts Rawls’ (1972) maximin criterion for social justice 
(Heckman et al. 1997, p. 488). 

To structure the following discussion, notice the taxonomy of voters and policymakers implied 

in this quote: Firstly, according to Heckman et al., there are two types of voters: Self-interested 

and altruistic voters. Secondly, it is suggested that we can divide policymakers into two groups: 

They either deem distributional issues that can solely be illuminated by distributional param-

eters that depend on the joint distribution relevant or they do not. Let us say that in the first 

case, policymakers are “concerned” about these distributional issues, and in the second case, 

they are “not concerned”. From this, the following taxonomy emerges: 

 

For the two states depicted on the left side of the table, the implicit assumption on which the 

argument of Names-Matter-view proponents discussed above relies does not need to be de-

fended. In these states, policymakers already deem the nuanced distributional information 

that can solely be illuminated by the joint distribution relevant. For the two cases on the right-

hand side, however, this implicit assumption needs to be defended. In these cases, policymak-

ers do not deem the nuanced distributional information that can solely be obtained from the 

joint distribution relevant.  

However, I argue that we can read Heckman et al. as suggesting that such information would 

become relevant for these policymakers as well under the assumption that policymakers are 

interested in the support of the electorate for their policies. This is because, according to the 

quote, the distribution of benefits, which we can only obtain from the joint distribution, de-

termines whether the electorate supports a given policy. 



51 
 

To my mind, a defence of the policy-relevance of the nuanced distributional information that 

is solely obtainable from the joint distribution based on the assumption that policymakers are 

interested in voters' support15 is likely to be fruitful. Namely, as I see it, this assumption is both 

plausible and general. This assumption is arguably plausible because it is commonly employed 

in research about policy-makers' decision-making processes (e.g. Dur 2001, p. 221 or Gus-

tafsson 2019, p. 283). This assumption is general because it can be argued to hold for all or at 

least most policymakers16 17. Thus, showing that the nuanced distributional information that 

is solely obtainable from the joint distribution becomes relevant for policymakers under the 

assumption that policymakers care about the support of voters plausibly strengthens the per-

suasiveness of the MTE argument without limiting its scope18.  

In the following, I spell out what I take to be the idea behind Heckman et al.’s indication that 

the nuanced distributional information that is solely obtainable from the joint distribution be-

comes relevant even for unconcerned policymakers, assuming that they are interested in the 

support of voters. In doing so, I aim to make Carneiro et al.’s defence for the implicit assump-

tion made in the argument of the Names-Matter proponents discovered above more con-

crete. Backed up by this concrete defence, the Names-Matter-view argument can be used to 

strengthen the third premise of the MTE argument against a potential sufficiency of distribu-

tional information that is solely obtainable from the marginal distributions for policymaking. 

 
15 Heckman et al. focus on voters and policymakers, but this assumption can also be interpreted more broadly, 
and thereby encompasses even more cases: For instance, imagine a principal who is thinking about reducing 
class-sizes in her school. This case involves no policymakers or voters. Still, we can interpret the assumption made 
by Heckman et al. such that the principal is interested in the support of her students for the class-size reduction 
policy. Given this broader interpretation, the assumption that policymakers are interested in the support of the 
electorate also applies to usages of RCTs outside of the strict political-institutional realm.  
16 There is a difference between policymakers, who formulate policies, and politicians, who are elected and thus 
compete for voters. However, this distinction often becomes blurry nowadays (see e.g. Cairney et al. 2017 or 
National Co-Ordinating Centre for Public Engagement 2020). One reason for this is probably that concerns of 
politicians about the attraction of voters prominently figure into the decision-making process of policymakers. 
This is also why I will stick to the term “policy-makers” in the following. 
17 The generality of this assumption is limited in so far that it only holds for democracies: Only then it is important 
for policymakers to secure the support from voters. However, in the context of EBP, this does not impede the 
generality of this assumption because the success of the EBP movement is (so far) confined to democratic coun-
tries.  
18 Alternative assumptions based on which we could defend the contention of Names-Matter proponents that 
the nuanced distributional information that is solely obtainable from the joint distribution is relevant for policy-
makers would be that policymakers want to see no one harmed or that individuals are loss adverse (Firpo and 
Ridder 2008). However, it would have to be discussed whether these assumptions are as general and plausible 
as the assumption employed by Heckman et al.  
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For showing this, let us first examine the case in which policymakers are unconcerned and 

want to attract self-interested voters. From the Heckman et al. quote, we can infer that the 

median voter theorem might illuminate this case. This makes sense because the median voter 

theorem assumes that voters are self-interested. Let us thus discuss how the median voter 

theorem could explain why unconcerned policymakers need the nuanced information that is 

solely obtainable from the joint distribution to ensure the support of self-interested voters.  

2.2. Unconcerned Policy Makers, Selfish Voters and The Median Voter Theorem 

The median voter theorem is a widely used model employed to analyse policymakers’ compe-

tition for voters. That is, the median voter theorem predicts, under certain assumptions, which 

policies policymakers will choose when they are competing for voters. According to this theo-

rem, policymakers will decide to adopt the policy preferred by the median voter to maximize 

their votes. The median voter is the voter whose preferred policy is the median in the prefer-

ence distribution of voters (Larcinese 2007, p. 2; Scervini 2012, p. 530).  

Importantly, since this model assumes that voters are self-interested, the preference distribu-

tion of voters is determined by the relevant outcome distribution. That is, the median voter 

prefers a policy over another if the policy in question improves her position in the relevant 

outcome distribution more than another policy. For instance, let the policy in question be a 

proportional tax combined with a lump sum benefit for everyone. Then, the median voter will 

only be in favour of this policy if the median of the income distribution is below the mean: 

Only then she will be a net beneficiary of the policy and thus support it (Iversen and Goplerud 

2018, p. 297; cf. Larcinese 2007, p. 2). 

Now, how can this model be used to argue that unconcerned policy-makers need nuanced 

information that is solely obtainable from distributional parameters that depend on the joint 

distribution to attract self-interested voters, as suggested by Heckman et al.? 

To see this, recall our discussion in the last chapter. There, we established that the joint dis-

tribution is necessary for obtaining the impact of a policy on individuals located at a given 

quantile in the initial outcome distribution. However, according to the median voter theorem, 

the impact of a policy on the voter(s) located at the median of the initial distribution is the 

crucial piece of information that policymakers need to find out whether self-interested voters 

support a policy implementation decision. If a policy is not beneficial for voters at the median 

of the initial distribution of interest, implementing the policy will not help the policymaker 
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when competing for self-interested voters. In our public finance example, the policy would 

only be implemented if the median earner, i.e. the person at the median of the initial earnings 

distribution, benefits from it.    

I have thus spelled out what I take to be the reasoning behind Heckman et al.’s contention 

that the nuanced information that is solely obtainable from the joint distribution is relevant 

for unconcerned policymakers interested in the support of self-interested voters. Now, let us 

turn to the case of unconcerned policymakers and altruistic voters. 

2.3. Unconcerned Policy Makers, Altruistic Voters and The Worst-Off 

From the quote above, it becomes clear that Heckman et al. suggest that altruistic voters want 

to see “the lot of the worst-off advanced”. In this subsection, I spell out why this contention 

would mean that unconcerned policy makers interested in gaining the support of the altruistic 

electorate require the nuanced distributional information which is solely obtainable from the 

joint distribution19.  

From Heckman et al.’s contention regarding the interest of altruistic voters, it seems to follow 

that a policymaker interested in gaining the votes of an altruistic electorate needs information 

on how the policy in question affects the situation of the worst-off. That is, only if she had 

evidence that the policy measure would benefit the worst-off, she would be ensured that im-

plementing the policy measure improves “the lot of the worst-off” and would thus secure her 

the support of the altruistic electorate.  

In our tax policy example, this means that a policymaker interested in votes from an altruistic 

electorate would need information regarding the effect of the tax policy on the individuals at 

the lowest quantile of the initial income distribution. From this information, she could tell if 

the policy improves “the lot of the worst-off”. 

 
19 The possibility of voting behaviour that is determined by factors other than individuals’ self-interest, such as 
altruism, is explored by behavioural economists (Durante et al. 2014, p. 1067; Luebker 2012, p. 11). Within this 
literature, Heckman et al.’s contention that “an altruistic voter may wish to see the lot of the worst-off advanced” 
has its analogy in the desire to maximize the minimal payoff in a group. Such preferences are referred to as 
“maximin preferences” (Engelmann and Strobel 2004, p. 857). Interestingly, behavioural economists’ experi-
ments have produced evidence that indicates that maximin preferences play an important role when voters have 
no grounds for choosing selfishly. In one of these experiments a “median voter” must decide on the allocation 
of money between poor and rich voters. Since the median voter gets the same amount of money no matter 
which allocation she chooses, she has no grounds for making a self-interested choice (Ibid., p. 859; Bolton and 
Ockenfels 2006, pp. 1906f.; Fehr et al. 2006, p. 1912). In this and similar experimental set-ups, the results indicate 
that maximin preferences decisively figure in the allocation decision of the altruistic voter (Engelmann and 
Strobel 2004, p. 861, Ibid. 2007, p. 293).  
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Now, is this information obtainable from the marginal distributions alone, that is, without 

needing the joint distribution? As we have seen in the last chapter, it is not: To obtain the 

effect of a policy on individuals at a given quantile of the initial outcome distribution (in this 

case, the lowest), we need information that is solely obtainable from the joint distribution.  

2.4. Summary Argument 

In the last sections, we have discussed a potential defence of the implicit assumption on which 

the argument for the Names-Matter-view discussed above relies. As we have seen, such a 

defence might point to the nuanced information about the effects of policies that the joint 

distribution provides policymakers with. To make this argument more concrete, I spelled out 

one way in which this nuanced information could be policy-relevant, using a quote by Heck-

man et al.. As I argued, this quote can be read as suggesting that this nuanced information 

becomes policy-relevant under the general and plausible assumption that policymakers care 

about the support of the voters. 

I then turned to show how this plausible and general assumption allows for defending the 

policy-relevance of the nuanced distributional information obtainable from the joint distribu-

tion. To this end, I identified two cases from the Heckman et al. quote in which it is not clear 

why the nuanced distributional information that is only available from the joint distribution is 

relevant for policymakers: The cases in which policymakers are not concerned about the nu-

anced distributional information that is only available from the joint distribution and voters 

are either selfish or altruistic. However, I have argued that we can read Heckman et al. as 

suggesting that this nuanced distributional information becomes relevant for these policy-

makers as well under the assumption that policymakers are interested in attracting voters20.  

In the case of selfish voters, I have explicated Heckman et al. as suggesting that policymakers 

need information about the impact of the policy in question on voters at the median of the 

initial outcome distribution. In the case of altruistic voters, I have explicated the authors as 

 
20 It might be argued that this argument already assumes what it aims to show, as it starts out from the assump-
tion that policymakers care about individuals (i.e. voters) for showing that information on individual-level im-
pacts, which is solely obtainable from the joint distribution, is relevant for policymakers. However, an interest 
for the support of voters does not automatically entail the relevance of individual-level distributional infor-
mation: For instance, one could argue that being interested in the support of voters means that policymakers 
need to know whether a policy is beneficial on average (i.e. has a positive MTE), instead of needing information 
on individual-level impacts. Still, the argument discussed in this chapter shows that information in the form of 
MTEs is not sufficient for policymakers who care about voters. Thus, the argument contributes to establishing 
the conclusion that information on individual-level impacts is policy-relevant instead of merely assuming it.  
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suggesting that policymakers need information about the impact of the policy in question on 

voters at the lowest quantile of the initial distribution. Each information is, as established in 

the last chapter, only obtainable from the joint distribution. Thereby, the argument developed 

in the preceding sections can be used to strengthen the third premise of the MTE argument. 

Conclusion 

In this chapter, I have refuted a major threat for the third premise of the MTE argument. This 

premise claims that the joint distribution is needed for obtaining policy-relevant distributional 

information conveyed by distributional parameters from RCT data. As I pointed out, the policy-

relevance of this distributional information is called into question by a potential sufficiency of 

distributional information solely obtainable from the marginal distributions for policymaking. 

Should that be the case, then obtaining the joint distribution would not be required for ob-

taining policy-relevant distributional information from RCT data. This would contradict the 

claim made by the third premise of the MTE argument. 

For refuting this threat against the third premise of the MTE argument, I have turned to what 

I call the “Names-Matter-view”. The Names-Matter-view holds that information on the distri-

bution of individual-level impacts, which, as we have seen, is solely available from the joint 

distribution, is a necessary input for policy-making decisions. Thus, by defending the Names-

Matter-view, we can defend the third premise of the MTE argument. 

To this end, I have discussed a frequently made argument for the Names-Matter-view. Still, I 

pointed out that this argument relies on the implicit assumption that policymakers generally 

deem distributional information that can solely be illuminated by distributional parameters 

that depend on the joint distribution relevant. This is problematic because the salient possi-

bility that many policymakers do not comply with this intuition would severely limit the scope 

of the MTE argument.  

I have then turned to one of the scarce defences for this assumption from the Names-Matter-

view literature. According to this defence, the distributional information that is solely obtain-

able from the joint distribution is policy-relevant because it provides policymakers with a more 

nuanced picture of the effects of their policies. To make the relevance of this nuanced infor-

mation more concrete, I explicated a quote from Heckman et al.. As I argued, this quote sug-

gests that this nuanced distributional information becomes relevant to all policymakers under 

the general and plausible assumption that they care about the electorate's support. That is, if 
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policymakers want to find out whether their policy decisions would be supported by both a 

selfish and an altruistic electorate, they need the nuanced distributional information that is 

solely obtainable from the joint distribution. This explication yields a concrete defence that 

backs up the claim made by the third premise of the MTE argument. 

We can thus conclude that even though many useful methods exist for obtaining distributional 

information of interest to policymakers solely based on the marginal distributions, infor-

mation from distributional parameters that can solely be obtained from the joint distribution 

can be argued to become relevant for policymakers under the assumption that they care 

about the support of voters. Thereby, a major threat against the third premise of the MTE 

argument can be refuted. 

However, as discussed above, the fourth premise of the MTE argument is equally important 

for establishing the persuasiveness of the MTE argument as an argument in support of the 

philosophical case against the special role of RCTs for EBP. In addition, this fourth premise is, 

just as the third premise, endangered by methodological advancements in the RCT literature. 

Thus, let us discuss this fourth premise in the next chapter.  
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Chapter 5 

The Threat from Bounds 

Introduction 

In this chapter, we shall look at a first threat for the fourth premise of the MTE argument. This 

premise remains to be defended for establishing that the MTE argument is persuasive and can 

thus support the philosophical case against the special role of RCTs for EBP. To recap, the 

fourth premise of the MTE argument reads as follows: 

P4: To obtain policy-relevant distributional information conveyed by distributional pa-
rameters that depend on the joint distribution from RCT data, (1) additional assump-
tions that (2) go beyond the minimal RCT assumptions are necessary. 

As becomes apparent from this formulation, the fourth premise of the MTE argument has two 

parts, (1) and (2), which both need to be established for defending this premise. This chapter 

focuses on establishing (1) the necessity of additional assumptions for obtaining the joint dis-

tribution and thus policy-relevant distributional information from RCT data.  

As hinted above, this first part of the fourth premise of the MTE argument is endangered by 

methodological advancements in the RCT literature. Even though defenders of the MTE argu-

ment often claim that making additional assumptions is the only way to learn about distribu-

tional parameters that depend on the joint distribution, the possibility of bounding the joint 

distribution calls this into question. Bounding allows us to obtain a range within which the true 

value of distributional parameters that depend on the joint distribution falls. Importantly, 

bounds do so solely based on information obtainable from the marginal distributions and thus 

without additional assumptions. Thereby, bounding provides a way of learning about policy-

relevant distributional information conveyed by distributional parameters that depend on the 

joint distribution without requiring additional assumptions. 

I discuss this first threat for the fourth premise of the MTE argument in section one. In section 

two, I then refute this threat. I do so by pointing out that the ranges of distributional parame-

ters that depend on the joint distribution implied by bounding are too wide to be informative 

for policymakers. Narrowing them down, however, requires assumptions akin to those that 

allow for the identification of the joint distribution. This establishes (1) the necessity of addi-

tional assumptions for obtaining useful, policy-relevant distributional information from RCT 

data by obtaining the joint distribution. 
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1. The Threat from Bounds 

1.1. Introducing Bounds 

Let us start with grasping the first threat for the fourth premise of the MTE argument. For this, 

let us first introduce bounds in this subsection and then discuss why bounds shed doubts on 

the claim that additional assumptions are necessary to obtain the joint distribution and pa-

rameters depending on it. 

Bounding is a way of learning about parameters, such as the distributional parameters that 

we are discussing. However, instead of providing us with a single value for the parameter of 

interest implied by the data, bounds give us a range of values within which the true value of 

the parameter of interest lies. For example, consider the median treatment effect, i.e., the 

effect on the individuals located at the median of the initial distribution. Also, suppose that 

the true value of the median treatment effect is 4. Bounding the median treatment effect 

would thus mean that we obtain a range of numbers, e.g. from RCT data, that contains 4, the 

true number, but also other numbers (Manski 2010, p. 178).  

In addition, to provide us with information about the respective parameter, this range of val-

ues must be smaller than the logically possible range of values within which the parameter of 

interest, here, the median treatment effect, lies (Ibid.). For instance, if student achievement 

in a class-size reduction RCT was measured by a standardized test on which students can score 

any number from 0 to 100, the range of logically possible values for the median treatment 

effect lies between -100 and 100. The range obtained via bounding would thus have to be a 

subset of [-100; 100] that includes 4, the true number, for instance [-10; 10]. 

Importantly, bounds are not informative regarding where the true value of the parameter of 

interest is likely to lie within this range. That is, every value within the identified range is 

equally likely to be the true value of the parameter of interest. For instance, in the example 

above, it is equally likely that the students located at the median of the initial test score dis-

tribution experienced a decline of 10 points in their test score by learning in a smaller class or 

an increase of 10 points. Thus, bounds only rule out values outside of the obtained range, but 

they do not bring us closer to finding the true value of the parameter of interest within this 

range (Bedoya et al. 2017, pp. 17f.).  

To see how bounds shed doubt on the claim made by the fourth premise of the MTE argument, 

let us establish another crucial feature of bounds obtained from RCT data. This feature has to 
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do with how bounds narrow down the range of logically possible values for the parameter of 

interest to a more limited range. For this, the only information that is used is information that 

is obtainable from the marginal distributions (Djebbari and Smith 2008, p. 69).  

To illustrate this, let us examine how a specific parameter that depends on the joint distribu-

tion can be bounded from RCT data only using information available from the marginal distri-

butions and thus, without making additional assumptions: The variance of treatment effects21. 

Formally, this distributional parameter can be written as follows: 

 

As this formal expression shows, the variance of treatment effects depends on the joint dis-

tribution because the covariance term depends on the joint distribution. Thus, to obtain this 

parameter from RCT data, we need to obtain the joint distribution, which requires additional 

assumptions. Alternatively, we can learn about this parameter by obtaining bounds for the 

covariance term. Thereby, we can determine bounds for the variance of treatment effects 

which depends on the covariance term. 

For seeing how information obtainable from the marginal distributions allows us to do this, 

let us first decompose the parameter that we want to bound: 

 

In this formula, 𝜌01 denotes the correlation between Y0 and Y1. 𝜎0 and 𝜎1 denote the standard 

deviations of Y0 and Y1, respectively. Since 𝜎0 and 𝜎1 are features of the marginal distributions, 

they can be obtained from RCT data alone. Thus, the only remaining parameter that depends 

on the joint distribution is 𝜌01, the correlation. However, we know that, per definition, any 

correlation must lie between −1 and 1. Therefore, without having to make any further as-

sumptions, we know that: 

 

From having established that the true value of 𝐶𝑜𝑣(𝑌0, 𝑌1) must lie somewhere between 

−𝜎1𝜎0  and 𝜎1𝜎0, we can obtain bounds on our distributional parameter of interest, the vari-

ance of treatment effects. That would look as follows: 

 
21 The discussion of this example is based on Bedoya et al. 2017, pp. 17ff. and Djebbari and Smith 2008, pp. 69f.. 
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From this expression, we see that all parameters that restrict the range within which the true 

value of the variance of treatment effects falls are features of the marginal distributions, such 

as 𝑉𝑎𝑟(𝑌1) or 2𝜎1𝜎0. This example illustrates how the value of a distributional parameter that 

depends on the joint distribution can be bounded only based on information that is obtainable 

from the marginal distributions and thus without needing additional assumptions.  

In a similar fashion, it is possible to bound other distributional parameters that depend on the 

joint distribution, such as the proportion of people who benefitted from or got harmed by a 

policy. In addition, we can use the marginal distributions to bound the entire joint distribution 

(Abadie and Cattaneo 2018, pp. 471ff.; Bedoya et al. 2017, p. 19; Djebbari and Smith 2008, p. 

69; Fan and Park 2010, p. 933; Firpo and Ridder 2008, pp. 3f.). 

We have thus seen that bounds enable us to restrict the range within which the true value of 

a distributional parameter that depends on the joint distribution falls solely based on the mar-

ginal distributions, and thus without requiring additional assumptions. Let us now discuss why 

this threatens the persuasiveness of the MTE argument.  

1.2. How Bounds Question the Necessity of Additional Assumptions 

As hinted, the possibility of bounding the joint distribution and parameters depending on it 

solely based on the marginal distributions raises doubts about whether we need additional 

assumptions to obtain distributional parameters that convey policy-relevant distributional in-

formation from RCT data. This possibility questions the persuasiveness of the MTE argument 

by shedding doubts on whether part (1) of its fourth premise holds up. Importantly, it does so 

even in light of our result from the last chapter. There, we established that policy-makers, 

under certain assumptions, require information from distributional parameters that depend 

on the joint distribution. However, if bounds sufficiently limit policy-makers’ uncertainty 

about the information conveyed by these distributional parameters, the necessity of making 

additional assumptions for obtaining these parameters from RCT data is doubtful.  

For instance, consider the effect of policies on the people at the median and the lowest quan-

tile of the initial outcome distribution of interest. As established in the previous chapters, this 

distributional information can only be obtained from the joint distribution and is required by 

policymakers who care about the electorate's support for their policies. This is because 
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policymakers can only attract altruistic and selfish voters if their policies benefit people at the 

median and the lowest quantile of the initial outcome distribution.  

Now, if bounds on these two quantiles of the difference Y1-Y0 do not include any negative 

values, then the informational desire of these policymakers can be satisfied without having to 

make any additional assumptions. This is because bounds only require information from the 

marginal distributions, which are available from RCT data alone. 

Thus, having shown that the third premise of the MTE argument holds up, i.e. that distribu-

tional parameters that depend on the joint distribution are necessary for obtaining policy-

relevant information from RCT data, is not yet sufficient for establishing (1), i.e. that obtaining 

these parameters also requires additional assumptions. (1), however, figures into the fourth 

premise as one of the key premises of the MTE argument, which is thus threatened. In the 

following, let us see how this threat can be refuted. 

2. Refuting the Threat from Bounds 

To refute this threat, I will point to the empirically found wideness of bounds on distributional 

parameters that depend on the joint distribution. I will then argue that this wideness makes 

these bounds insufficiently informative for policymakers who require distributional infor-

mation conveyed by distributional parameters that depend on the joint distribution. What is 

more, the only way in which we can make these bounds more informative is by making as-

sumptions that are akin to those employed in assumption-based approaches to obtaining the 

joint distribution. Thereby, we can establish (1). 

When bounding distributional parameters that depend on the joint distribution, a common 

finding by researchers is that the obtained bounds are very wide. That is, the information avail-

able from the marginal distributions alone does not seem to particularly limit the range within 

which the true value of the distributional parameter of interest falls (Bedoya et al. 2017, p. 17; 

Carneiro et al. 2003, p. 2; Djebbari and Smith 2008, p. 70; Heckman et al. 1997, p. 502). 

For instance, when calculating bounds on the fraction of people who benefitted from the fi-

nancial education program discussed in chapter 3, Bedoya et al. find that the pure RCT data is 

consistent with at least 12% of the individuals benefitting (lower bound) and at most 100% 

benefitting (upper bound) (Bedoya et al. 2017, p. 47). In other words, the data cannot rule out 

that a considerable fraction of students (i.e. 88%) experienced a decline or no change in their 



62 
 

financial literacy due to the financial education policy. Nor can we exclude the possibility that 

all students improved their financial test scores22. 

In the following, I argue that this empirically found wideness of bounds on distributional pa-

rameters that depend on the joint distribution makes bounds insufficiently informative for 

policymakers who require distributional information conveyed by distributional parameters 

that depend on the joint distribution. For focusing the discussion, let us look at policymakers 

interested in voters' support. As discussed, this is a plausible and general assumption that 

makes the nuanced distributional information conveyed by distributional parameters that de-

pend on the joint distribution relevant for policymakers. As we have seen, these policymakers 

need distributional information conveyed by the quantiles of the difference Y1-Y0. Thus, let us 

focus on bounds on this distributional parameter in the following.  

As authors such as Abbring and Heckman point out, the phenomenon that bounds on distri-

butional parameters that depend on the joint distribution are very wide also extends to 

bounds on the quantiles of the difference Y1-Y0 (Abbring and Heckman 2007, p. 5154). For an 

example that supports this claim, let us look at empirically obtained bounds on this distribu-

tional parameter, which can be found in a study conducted by Djebbari and Smith (2008). 

In this study, the authors analyse data from the PROGRESA RCT. PROGRESA is a conditional-

cash transfer program implemented to help Mexico’s poor. That is, eligible households receive 

money conditional on e.g. sending their kids to school. The authors are interested in the ef-

fects of PROGRESA on consumption and particularly in the distributional impacts of the pro-

gram on this outcome variable (Ibid., p. 65).  

To find out about the latter, the authors obtain bounds on several distributional parameters 

related to consumption, among those the quantiles of the difference Y1-Y0. For instance, 

bounding the effect on individuals at the 5th percentile of the initial consumption distribution, 

they find that the data is consistent with an increase in consumption of 2.27 and up to a 

 
22 The problem that bounds are often very wide is further aggravated due to sampling variation. That is, the 
marginal distributions which are used for obtaining these bounds are estimated from a sample of the population 
of interest instead of being the “true” distributions for this population. This creates sampling variation which 
makes the bounds obtained from the marginal distributions even wider (Bedoya et al. 2017, p. 20; Heckman et 
al. 1997, p. 502). 
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decrease in consumption of 413.64, measured in monetary units23. Other bounds obtained by 

the authors are similarly as wide (Djebbari and Smith 2008, pp. 70f.).  

Now, this example illustrates how the empirically found wideness of bounds on distributional 

parameters that depend on the joint distribution makes these bounds insufficiently informa-

tive for policymakers interested in the voters' support for their policies. For this, recall that 

information regarding the effect of policies on the worst-off, represented by those at the low-

est quantiles of the initial outcome distribution of interest, is of uttermost importance for 

policymakers interested in the support of the altruistic electorate: Should it turn out that the 

respective policy harms the worst-off, then policymakers cannot count on the support of the 

altruistic electorate.  

Based on these considerations, we can see why the information obtainable from the bounds 

on the effect on individuals at the 5th quantile of the initial consumption distribution calcu-

lated by Djebbari and Smith is not helpful for policymakers who are interested in the support 

of voters and consider implementing PROGRESA: From these bounds, they only learn that the 

program might improve the consumption of the worst-off, considerably worsen it, or anything 

in between. Since all these possibilities arise with equal probability, the bounds provide no 

grounds for policymakers competing for the votes of the altruistic electorate to decide on the 

implementation of PROGRESA. 

This discussion of bounds on the quantiles of the difference Y1-Y0 indicates that the empirically 

found wideness of bounds on distributional parameters that depend on the joint distribution 

makes these bounds insufficiently informative for policymakers who require distributional in-

formation conveyed by these distributional parameters because they are interested in the 

support of the voters.  

One might object to this claim by arguing that it is based on the empirically found wideness of 

bounds, which is not given. Especially, there are ways of tightening bounds on parameters 

that depend on the joint distribution (Bedoya et al. 2017, p. 16). If these bounds could be 

 
23 To have some context for interpreting these results, the monthly average per capita consumption in the data 
of Djebbari and Smith was 204.47 (measured in monetary units) (Djebbari and Smith 2008, p. 67). Thus, the 
bounds obtained by the authors are even compatible with negative consumption resulting from PROGRESA, 
which would mean that households must sell off instead of buying items.  
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sufficiently tightened, they might reveal sufficient distributional information for policymakers, 

unlike the examples discussed above. 

To see how the bounds on distributional parameters that depend on the joint distribution can 

be tightened beyond the ranges found in the studies discussed above, re-consider the example 

of bounding the variance of treatment effects24. As we have seen, this distributional parame-

ter can be bounded by bounding the covariance between the outcome in the treated and the 

untreated state, which looks as follows: 

 

We also know that: 

 

In addition, recall that: 

 

The bounds on the covariance, and thus on the variance of treatment effects, could be tight-

ened by assuming a smaller range for 𝜌01. For instance, we could assume that potential out-

comes are positively correlated, that is, that people who do well in the absence of the policy 

also do well when exposed to the policy. Formally, that would imply: 

 

Then, the bounds on the covariance reduce to: 

 

That way, we can obtain tighter bounds on distributional parameters that depend on the joint 

distribution, such as the variance of treatment effects. Doing so would increase the informa-

tiveness of bounds for policymakers who require distributional information conveyed by dis-

tributional parameters that depend on the joint distribution. Potentially, these tightened 

bounds might then provide policymakers with all the information they require. 

However, if we go down this road, we are using more than the information solely available 

from the marginal distributions. That is, in contrast to the wide bounds discussed above, the 

 
24 The discussion of this example is based on Bedoya et al. 2017, p. 18. 
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tighter bounds that are potentially more informative for policymakers are based on additional 

assumptions.  

What is more, the assumptions based on which we can tighten the bounds on distributional 

parameters that depend on the joint distribution are also, in slightly different versions, those 

that allow us to obtain the joint distribution and thereby the exact value of these distributional 

parameters (cf. Bedoya et al. 2017, pp. 18ff.).  

To see this, consider the example of the positive correlation assumption that allowed us to 

tighten the bounds on the variance of treatment effects in the example above. This assump-

tion postulates a positive correlation between individuals’ outcomes in the state of treatment 

and control. Thereby, this assumption establishes a relationship between individuals’ out-

comes in the state of treatment and control. As we have seen in chapter 2, establishing such 

a relationship is what assumptions that allow us to directly obtain the joint distribution and 

distributional parameters depending on it do. This makes the assumptions that allow us to 

recover the joint distribution and those that allow us to tighten bounds on distributional pa-

rameters that depend on the joint distribution akin to each other25.  

From this discussion, the following situation emerges: Empirically found bounds that solely 

employ information from the marginal distributions are so wide that they do not sufficiently 

inform policymakers who require distributional information conveyed by distributional pa-

rameters that depend on the joint distribution. However, tightening these bounds to increase 

their informativeness requires additional assumptions akin to the assumptions that give us 

the exact value of the respective distributional parameters. Thus, the only way to make 

bounds sufficiently informative for policymakers interested in voters' support is making as-

sumptions akin to those employed in assumption-based approaches to obtaining the joint dis-

tribution.  

Conclusion 

In this chapter, we examined a threat for part (1) of the fourth premise of the MTE argument 

and thus for its persuasiveness. To this end, I introduced bounds as a method of learning about 

distributional parameters that depend on the joint distribution without making additional as-

sumptions. To refute this threat, I have examined the informativeness of empirically obtained 

 
25 The assumption that allows us to recover the joint distribution and is akin to the positive correlation assump-
tion is the Perfect Positive Dependence Assumption, which I will introduce in the next chapter.  
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bounds on distributional parameters that depend on the joint distribution for policymaking. 

As discussed, these bounds are too wide to be informative for policymakers who require dis-

tributional information solely obtainable from the joint distribution because they are inter-

ested in voters' support. Tightening them, however, is only possible by making assumptions 

akin to those that allow us to directly obtain the joint distribution and distributional parame-

ters depending on it.  

Given this, we can establish assumption-based approaches to obtaining the joint distribution 

as the only way to satisfactorily limit policy-makers’ uncertainty about distributional infor-

mation conveyed by distributional parameters that depend on the joint distribution based on 

RCT data. Thereby, a first threat for the fourth premise of the MTE argument can be refuted.  
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Chapter 6 

The Threat from Weak Assumptions 

Introduction 

Having refuted the first threat for the fourth premise and thus for the persuasiveness of the 

MTE argument, I want to highlight a potential second and final threat for the fourth premise 

of the MTE argument. This threat thus remains to be refuted before being able to establish 

the persuasiveness of the MTE argument. I introduce this threat in section one, where I point 

to the possibility that the additional assumptions that allow us to obtain the joint distribution 

and distributional parameters depending on it might be weak. In this case, I argue, the MTE 

argument cannot refute the EBP proponents’ claim that RCTs only require minimal substantive 

assumptions to produce policy-relevant evidence. 

In section three, I then analyse the strength of this threat against the persuasiveness of the 

MTE argument. I do so by analysing whether the most frequently employed assumptions that 

allow us to recover the joint distribution – i.e. the Perfect Positive Dependence Assumption 

(short: PPDA), the Perfect Negative Dependence Assumption (short: PNDA) and the Independ-

ence Assumption – are weak. In this analysis, I use an operationalization of what counts as a 

weak assumption for EBP proponents themselves that I develop in section two. As I argue, one 

of these three assumptions – the PPDA – would indeed be seen as weak in the eyes of EBP 

proponents. This poses a threat to the fourth premise of the MTE argument.   

In section four, I refute this final threat. I do so by arguing that the PPDA does not provide 

policymakers with the distributional information they require. In doing so, I defend the fourth 

premise of the MTE argument and thus its persuasiveness as an argument in support of the 

philosophical case against the special role of RCTs for EBP. 

1. A Potential Final Threat for the Persuasiveness of the MTE Argument  

In this section, I raise a potential final threat against the fourth premise of the MTE argument 

and thus its persuasiveness. To formulate this threat, let us recap the fourth premise:  

P4: To obtain policy-relevant distributional information conveyed by distributional pa-
rameters that depend on the joint distribution from RCT data, (1) additional assump-
tions that (2) go beyond the minimal RCT assumptions are necessary. 

The potential final threat discussed in this chapter arises from doubts regarding (2), which is 

essential for the MTE argument's persuasiveness. To grasp this threat, recall that, as discussed 
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in chapter 2, the MTE argument needs to refute the EBP proponents’ claim that RCTs only 

require minimal substantive assumptions to produce evidence for policymaking. Only then, 

the MTE argument can support the philosophical case against the special role of RCTs for EBP, 

which hinges on attacking this proposition of the EBP proponents’ RCT argument. 

When spelling out the proposition of the EBP proponents’ RCT argument that the MTE argu-

ment needs to refute, it becomes apparent how important (2) is for the persuasiveness of the 

MTE argument: As we saw, EBP proponents claim that, contrary to the strong and often in-

credible assumptions employed by other methods, the few assumptions required by RCTs to 

produce evidence for policymaking are less strong, but more of a general nature and thus also 

more credible (e.g. Reiss 2013, p. 202). From this formulation, it becomes apparent that the 

claim of EBP proponents that RCTs only require minimal substantive assumptions should not 

primarily be understood in a quantitative sense. Instead, a lot of emphasis is put on claiming 

that these assumptions are relatively weak and thus minimal in a more qualitative sense.  

Thus, having shown (1), i.e. that additional assumptions are necessary for obtaining distribu-

tional information of interest to policymakers from RCT data, is not enough for establishing 

the fourth premise and thus the persuasiveness of the MTE argument. (1) only proves that 

RCTs require more assumptions to produce policy-relevant distributional information than to 

produce mean treatment effects. That is, we know that the quantity of assumptions required 

to obtain policy-relevant distributional information from RCT data is larger than the quantity 

of assumptions needed to obtain mean treatment effects from RCT data. However, it does not 

show that these additional assumptions also go beyond the minimal RCT assumptions in a 

qualitative sense, i.e. because they are strong.  

That is, it might be that very weak assumptions allow us to recover the joint distribution. Then, 

(1) would not shed doubts on the EBP proponents’ claim that RCTs only require minimal, in 

the sense of weak, assumptions for providing policy-relevant evidence. This would threaten 

the fourth premise and thus the persuasiveness of the MTE argument. 

For refuting this potential final threat against the persuasiveness of the MTE argument, we 

thus need to show (2), i.e. that the assumptions required for obtaining the joint distribution 

are strong and thus go beyond the minimal RCT assumptions. To do so, however, we first need 

to operationalize what makes for a weak or strong assumption in the context of assumptions 

employed in RCTs that deliver results for EBP.  
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2. Operationalizing Strong and Weak Assumptions in the Context of EBP 

For this operationalization, let us look at what EBP proponents themselves consider to be a 

strong or weak assumption. Doing so will allow us to judge whether the assumptions with 

which the joint distribution can be recovered from RCT data would count as strong and thus 

go beyond the minimal RCT assumptions, according to standards employed by EBP proponents 

themselves. Should that turn out to be the case, then the MTE argument would weaken the 

case of EBP proponents for a special role of RCTs for producing evidence for policymaking. It 

would do so by showing that even EBP proponents themselves would disagree that the as-

sumptions necessary to obtain policy-relevant evidence conveyed by distributional parame-

ters that depend on the joint distribution from RCT data are minimal, in the sense of being 

weak.  

A tentative answer to the question of what counts as a strong or weak assumption for EBP 

proponents can be found in a paper co-authored by Esther Duflo, one of the most prominent 

EBP proponents. In this paper, Duflo and her co-authors discuss a new machine learning 

method for analysing data from RCTs. In doing so, the authors continuously emphasize that 

they are taking an “agnostic approach” that does not rely on “strong assumptions” (Cher-

nozhukov et al. 2018, p. 5).  

From their further specification of their agnostic approach, we can extract a tentative idea of 

what a strong or weak assumption means for EBP proponents: 

In this paper we take an agnostic view. We neither rely on any structured assumptions, which 
might be difficult to verify or believe in practice […] (Ibid., emphasis M.S.). 

From this quote, we can infer that EBP proponents would think of assumptions that are “dif-

ficult to verify” or “difficult to believe in practice” as assumptions that are too strong to fit 

their agnostic view. And while the authors do not specify what they mean with “difficult to 

verify” or “difficult to believe in practice”, it seems plausible to operationalize an assumption 

that is “difficult to verify” as an assumption that is not testable. An assumption that is “difficult 

to believe in practice” most likely means an assumption that either clashes with common 
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intuitions when applied or has so much empirical evidence against it that it cannot be believed. 

Assumptions that are both verifiable and believable would, in turn, be counted as weak26.  

Having operationalized the notion of a weak assumption in the context of EBP, the next step 

is to analyse whether the assumptions that allow us to recover the joint distribution would be 

counted as weak given this operationalization. Should that be the case, then (2) would be false 

because the assumptions that allow us to obtain policy-relevant distributional information 

from RCT data do not go beyond the minimal RCT assumptions because they are minimal in 

the sense of being weak. This would threaten the persuasiveness of the MTE argument.  

3. Analysing the Assumptions that Allow us to Recover the Joint Distribution 

To analyse whether the assumptions that allow us to obtain the joint distribution would be 

counted as weak according to the criteria defined above, let us first introduce the most com-

monly employed assumptions for obtaining the joint distribution.  

For introducing these assumptions, I use the PROGRESA study by Djebbari and Smith (2008), 

which we have discussed in the last chapter. Inspired by their result that bounds on distribu-

tional parameters that depend on the joint distribution are too wide, the two authors take an 

assumption-based approach to analysing the distributional impacts of PROGRESA. In doing so, 

they use all commonly employed assumptions for recovering the joint distribution: The PPDA, 

the PNDA and the Independence Assumption (Djebbari and Smith 2008, pp. 69f. and p. 75).  

Having presented these assumptions using Djebbari and Smith’s study, I then argue that only 

one of these assumptions – the PPDA – is weak according to the understanding of EBP propo-

nents. That is, the PPDA is the only assumption that does not lack initial plausibility, is sup-

ported by empirical evidence and can be tested. This poses a threat to the fourth premise of 

the MTE argument. 

 
26 For another formulation of the same view on what makes for a strong assumption in the eyes of EBP propo-
nents, consider this quote from the back cover summary of “Poor Economics”, a book on EBP ideas co-authored 
by Duflo: “Billions of government dollars […] are dedicated to helping the world’s poor. But much of the work 
they do is based on assumptions that are untested generalizations at best, flat out harmful misperceptions at 
worst” (Banerjee and Duflo 2011, summary back cover, emphasis M.S.). 
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3.1. The Perfect Positive and the Perfect Negative Dependence Assumption 

Let us start by introducing the assumptions that allow us to recover the joint distribution using 

Djebbari and Smith’s study. The first two assumptions discussed by the authors can be illus-

trated using the following graph, which we have already seen in chapter 2: 

 

In chapter 2, we used this graph to explain why the joint distribution cannot be obtained from 

RCT data alone, which only gives us the marginal distributions. As discussed, this is because 

RCT data does not tell us where in the treatment distribution an experimental subject from 

the control group would appear, and vice versa.  

From this discussion in chapter 2, we have also seen which type of assumptions would allow 

us to recover the joint distribution. As explained, these are assumptions that establish a rela-

tionship between individuals’ outcomes in the treatment and the control group. Thereby, it 

can be determined where in the marginal distribution of the treatment group an experimental 

subject of the control group would appear and vice versa. Doing so gives us the outcome for 

each subject for both states and thus the joint distribution. Two assumptions of this type are 

the first two assumptions discussed by Djebbari and Smith. These assumptions can also be 

illustrated using the graph above and are depicted by the horizontal and the crossing arrows, 

respectively. 

Let us start by discussing the assumption depicted by the horizontal arrows, which Djebbari 

and Smith refer to as the “Perfect Positive Dependence Assumption”. The PPDA establishes 

the relationship between individuals’ outcomes in the state of treatment and the state of con-

trol required for obtaining the joint distribution by assuming a perfect ranking across the quan-

tiles of the two marginal distributions. That is, it is assumed that the quantile ranks of the two 

marginal distributions correspond. This would, for instance, imply that a person who appears 
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in the highest percentile of one marginal distribution also appears in the highest percentile of 

the other marginal distribution (Djebbari and Smith 2008, p. 69; Abbring and Heckman 2007, 

p. 5159). 

The two crossing arrows depict a second assumption for recovering the joint distribution, 

which works similarly to the PPDA and is referred to as the “Perfect Negative Dependence 

Assumption”. While the PPDA assumes a perfect positive dependence of quantile ranks, such 

that the best in one distribution is also the best in the other distribution, the PNDA assumes 

the opposite to be true. As the crossing arrows indicate, according to the PNDA, the quantile 

ranks of the two marginal distributions are inversely related, such that those who do best 

when treated do worst when not treated and vice versa (Djebbari and Smith 2008, p. 69).  

In the example of PROGRESA, this would mean that those appearing in the lowest quantile of 

the consumption distribution if not treated would be assumed to appear in the highest quan-

tile of the consumption distribution if treated (Ibid.). However, just as the PPDA, the PNDA 

recovers the joint distribution by linking the quantile ranks of the two marginal distributions 

in a deterministic fashion.  

So far, we have introduced the PPDA and the PNDA as two assumptions that recover the joint 

distribution by establishing a relationship between individuals’ outcomes in the state of treat-

ment and control. This is achieved by assuming a deterministic correlation between quantile 

ranks of the marginal distributions. Before turning to discuss whether these assumptions are 

weak, let us turn to a third assumption used by Djebbari and Smith in their PROGRESA study. 

3.2. The Independence Assumption 

According to this third assumption, the impact of a policy on the experimental subjects is in-

dependent of their untreated outcome level, i.e. Y0. I shall thus refer to this assumption as the 

“independence assumption”. In the PROGRESA example, and if consumption is the relevant 

outcome variable, assuming independence of the impact from the base outcome would mean 

that a participant’s gains or losses from the cash transfer program are not related to her initial 

consumption level (Ibid., p. 75).  

Contrary to the assumptions discussed above, the independence assumption does not estab-

lish a link between the two marginal distributions. Instead, it assumes something about the 

impact and its relation to the untreated state. Thereby, the independence assumption directly 
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identifies the distribution of impacts (i.e. F(Y1-Y0))27 on which parameters such as the quantiles 

of the difference Y1-Y0 depend. In contrast, the PPDA and the PNDA identify the joint distribu-

tion (i.e. F(Y0,Y1)) and thereby the distribution of impacts, which is implied by the joint distri-

bution (cf. Bedoya et al. 2017, pp. 21ff.). 

However, as Djebbari and Smith point out, the independence assumption alone does not give 

us the full distribution of impacts but only allows us to obtain the variance of treatment ef-

fects. To obtain the full distribution of impacts, additional assumptions about the form of the 

impact distribution would be necessary. For instance, one could assume that the impact is 

normally distributed (Djebbari and Smith 2008, p. 75; Heckman et al. 1997, p. 504). This sets 

the independence assumption apart from the PPDA and the PNDA, which identify the full joint 

distribution and thus also the full impact distribution.  

As the discussion above clarifies, obtaining the full impact distribution is essential for obtain-

ing policy-relevant distributional information from RCT data. This is because identifying the 

full impact distribution is required for obtaining the quantiles of the difference Y1-Y0 (Bedoya 

et al. 2017, p. 55; Heckman et al. 1997, p. 514). As established, this distributional parameter 

conveys distributional information relevant to all policymakers interested in voters' support. 

Thus, to obtain this generally policy-relevant distributional information from RCT data using 

the assumption-based approach, these assumptions must recover the whole impact distribu-

tion. However, the independence assumption only does so in conjecture with additional as-

sumptions about the form of the impact distribution.  

In the following, I argue that these additional assumptions needed to obtain the full impact 

distribution based on the independence assumption would be counted as strong by EBP pro-

ponents. This eliminates one potential threat to the persuasiveness of the MTE argument. In 

addition, I argue that also the PNDA would be counted as strong because it lacks initial plau-

sibility. The PPDA, however, fulfils the criteria for a weak assumption employed by EBP pro-

ponents. Thus, it sheds doubts on (2), thereby posing a threat to the persuasiveness of the 

MTE argument.  

 
27 How the independence assumption recovers the impact distribution is not relevant for the discussion at hand, 
but I refer the interested reader to a clear discussion on this issue in Bedoya et al. (2017).  
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3.3. The PPDA Qualifies as a Weak Assumption 

Let us start by discussing whether the independence assumption qualifies as weak according 

to the criteria employed by EBP proponents. To recall, according to these criteria, a weak as-

sumption is testable and supported by empirical evidence as well as common intuitions.  

At first glance, it seems that the independence assumption is a weak assumption according to 

these criteria: As for instance Bedoya et al. point out, a good case can be made for the plausi-

bility of the independence assumption in many practical contexts. This is especially because 

the independence assumption only needs to hold conditional on observables. That is, the im-

pact of a policy only has to be unrelated to the base outcome after having controlled for co-

variates such as age or gender (Bedoya et al. 2017, p. 21). 

However, we have also seen that additional assumptions about the form of the impact distri-

bution would be required for obtaining the full impact distribution based on the independence 

assumption. As outlined, these additional assumptions are crucial because the full impact dis-

tribution is required for obtaining the quantiles of the difference Y1-Y0, which give us distribu-

tional information that many policymakers plausibly require.  

In contrast to the independence assumption, these additional assumptions seem to fare less 

well when applying the criteria for a strong assumption employed by EBP proponents. To see 

this, consider the following quote from Bedoya et al., who use the independence assumption 

for distributional analysis: 

[W]e can identify the entire distribution of treatment effects [i.e. the impact distribution, M.S.] 
if we are willing to make even stronger assumptions. In many applications, these assumptions 
are unjustified. We include this analysis here primarily for the purpose of illustration (Ibid., p. 
54). 

While the authors grant that the independence assumption itself is plausible in many contexts, 

the quote indicates that this plausibility does not extend to the assumptions about the form 

of the impact distribution, which are necessary for recovering the whole distribution of im-

pacts. As becomes apparent from the quote, these assumptions are judged to be unjustified 

in many applications. This judgment seems akin to claiming that these assumptions are diffi-

cult to believe in practice, which we operationalized as meaning that they lack initial plausibil-

ity or are not supported by empirical evidence. Thus, these additional assumptions, which are 

the only way in which the independence assumption can be used to obtain the quantiles of 

the difference Y1-Y0, would count as strong given the criteria employed by EBP proponents. 



75 
 

From this discussion, we can conclude that these additional assumptions make the independ-

ence assumption, which only does its job in conjecture with these assumptions, too strong to 

be weak given the criteria employed by EBP proponents. That is, recovering distributional pa-

rameters that convey distributional information that is plausibly relevant for many policymak-

ers based on the independence assumption requires assumptions that go beyond the minimal 

RCT assumptions on which the RCT argument of EBP proponents rests.  

The same can be argued about the PNDA, which, in contrast to the independence assumption, 

recovers the full joint distribution, and thereby the full impact distribution, directly. As ex-

plained, it does so by assuming that those who do best when treated do worst when not 

treated and vice versa. 

Following the discussion of this assumption by Djebbari and Smith, we can conclude that the 

PNDA, just as the independence assumption, would be counted as strong according to the 

criteria used by EBP proponents. As established, one of these criteria for a strong assumption 

was the lack of initial plausibility. According to Djebbari and Smith, this holds for the PNDA. As 

the two authors put it, “this assumption about the joint distribution has little relevance to the 

real world” as it “lacks surface plausibility” (Djebbari and Smith 2008, p. 69).  

To illustrate their strong intuition against the plausibility of the PNDA with an example, con-

sider again the effect of PROGRESA as a conditional cash transfer program on consumption. 

According to the PNDA, those at the highest quantiles of the consumption distribution in the 

absence of PROGRESA are those at the lowest quantiles when participating in PROGRESA and 

vice versa. That is, receiving conditional cash transfers is assumed to move people from the 

highest to the lowest quantile of the consumption distribution, which indeed seems implausi-

ble. 

So far, we have seen that both the independence assumption and the PNDA would be counted 

as strong assumptions according to criteria used by EBP proponents. Thus, these assumptions 

comply with part (2) of the fourth premise of the MTE argument, i.e. that assumptions beyond 

the minimal RCT assumptions are needed to obtain the joint distribution and thus policy-rel-

evant distributional information from RCT data.  

However, the case is different for the PPDA, which would be counted as weak no matter which 

of the criteria operationalized above is used: Firstly, the PPDA is, contrary to the PNDA, 
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ascribed initial plausibility by Djebbari and Smith: As the authors argue, assuming that those 

who do well in the presence of the policy also do well without the policy is plausible for policies 

for which we do not expect a huge effect (Djebbari and Smith 2008, p. 69 and p. 71). For 

instance, it might indeed be plausible to assume that those who already had a lot of consump-

tion in the absence of PROGRESA will continue to have a high consumption when receiving 

PROGRESA’s conditional cash transfers. 

Secondly, at least the implications of the PPDA are testable in different ways. From one of 

these indirect tests, we can, thirdly, derive empirical evidence for the PPDA that adds to its 

initial plausibility28: As Heckman et al. (1997) show, plausible results for distributional param-

eters that depend on the joint distribution require associating the quantiles of the two mar-

ginal distributions as assumed by the PPDA. That is, associating the quantiles in ways that 

venture too far from perfect positive dependence produces implausible values for distribu-

tional parameters such as the proportion of people who benefitted. This evidence thus sup-

ports the plausibility of the PPDA29 (Ibid., p. 506). 

It thus follows that the PPDA qualifies as what I have called a “weak assumption” that would 

be seen as akin to the minimal RCT assumptions celebrated by EBP proponents. This is because 

the PPDA is testable, initially plausible and backed up by empirical evidence. Thus, obtaining 

policy-relevant distributional information based on RCT data and using the PPDA does not re-

quire assumptions that are not “minimal” in the eyes of EBP proponents. That is, adding the 

PPDA to the classical RCT assumptions does not refute the EBP proponents’ claim that these 

assumptions, which give us all evidence of relevance to policymakers, are minimal. 

This poses a threat to the persuasiveness of the MTE argument: Even though we have shown 

that the joint distribution is required for obtaining policy-relevant distributional information 

from RCT data and that (1) obtaining the joint distribution requires additional assumptions, 

the case for the PPDA indicates that one of these assumptions is weak in the eyes of EBP pro-

ponents. Therefore, the case of the PPDA suggests that (2) is false. Then, the MTE argument 

could not question the EBP proponents’ claim that RCTs only require minimal assumptions for 

 
28 There is another source of empirical evidence for the PPDA which is evidence for decision rules which govern 
the decision to participate in a program. These decision rules induce the kind of dependence which the PPDA 
requires and thus, empirical evidence that these decision rules are followed (which exists) provides additional 
support for the PPDA (Heckman et al. 1997, p. 489). 
29 At the same time, this is empirical evidence against the PNDA (Ibid., p. 506). 
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producing policy-relevant evidence. In the next section, I refute this threat and establish (2) 

and thus the fourth premise and the persuasiveness of the MTE argument.  

4. Refuting the Final Threat for the Persuasiveness of the MTE Argument 

To refute this threat, I argue that even though the PPDA is a minimal assumption in the eyes 

of EBP proponents, it does not provide policymakers with the distributional evidence that they 

require. As I explain, this is because an analysis of RCT data that involves the PPDA cannot 

satisfy what we have established as the most plausible and general informational desire of 

policymakers that can only be addressed based on the joint distribution, i.e. wanting to know 

whether a policy is beneficial for attracting voters. This is because an analysis of RCT data 

based on the PPDA will, per assumption, yield the answer that any policy has negligible effects 

on voters at the median and the lowest quantile of the initial outcome distribution and is thus 

not beneficial for attracting voters, instead of revealing the answer implied by the RCT data.  

This result establishes the fourth premise of the MTE argument, which claims that (2) assump-

tions beyond the minimal RCT assumptions are required for obtaining the joint distribution 

and thus policy-relevant distributional information from RCT data. Having excluded the PPDA 

as an assumption that provides policymakers with the distributional information they require, 

only the PNDA and the independence assumption remain. However, we have seen that those 

two assumptions would be regarded as strong by EBP proponents and thus go beyond the 

minimal RCT assumptions, thereby confirming the central claim of the MTE argument.  

4.1. The PPDA Does Not Provide Policy Makers with the Information they Need 

In this subsection, I further specify the informational desire of policymakers that can only be 

satisfied based on assumption-based approaches to obtaining the joint distribution. Then, I 

establish that this desire cannot be satisfyingly addressed based on RCT data in conjunction 

with the PPDA.  

To this end, let us recall our discussion in chapter 4. There, we established that under the 

condition that policymakers are interested in the support of the electorate, they require dis-

tributional information that can only be obtained from the joint distribution and thus, as dis-

cussed in the last chapter, based on additional assumptions like the PPDA. We also saw that 

this assumption about the interests of policymakers due to which they require distributional 

information that can solely be obtained from the joint distribution is both general and 
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plausible. Thus, let us base the discussion on the informational desire of policymakers that can 

only be addressed by obtaining the joint distribution on this assumption in the following. 

As we saw, the informational desire of policymakers who comply with this assumption consists 

in wanting to know about the effect of a policy on voters at the median and the lowest quantile 

of the initial outcome distribution of interest. Based on this information, they can tell whether 

implementing the policy will help them gain votes from altruistic and selfish voters.  

Let us further specify this informational desire of policymakers before arguing that it cannot 

be sufficiently addressed based on an analysis of RCT data that involves the PPDA. For this, 

take the example of a policymaker interested in attracting altruistic voters. As we have seen, 

she needs evidence on the effect of the policy in question on people at the lowest quantile of 

the initial outcome distribution. Only if she learned from RCT data that this group benefits she 

would know that implementing the policy would be beneficial for attracting altruistic voters.  

Importantly, these voters would only be attracted if the benefits for the people at the lowest 

quantile of the initial outcome distribution are visible for them. Should this group only expe-

rience minor changes, then the altruistic voters might miss that the policy helped this group. 

Then, implementing the policy would not help the policymaker to gain votes from the altruistic 

electorate. Thus, our policymaker is interested in learning whether her policy would have non-

negligible effects on people at the lowest quantile of the initial outcome distribution.  

We can thus specify the informational desire of policymakers who require distributional infor-

mation that is solely obtainable from the joint distribution and thus based on additional as-

sumptions because they are interested in the support of voters as follows: They want to know, 

based on RCT data, whether the policy in question has non-negligible effects on voters at the 

median or the lowest quantile of the initial outcome distribution.  

In the following, I show that an analysis of RCT data that involves the PPDA cannot satisfy this 

specified informational desire of policymakers. This is because the PPDA already implies a spe-

cific answer regarding this informational desire by implying that policies only have negligible 

effects instead of revealing the answer implied by the RCT data.  

As we have seen above, the PPDA assumes that policies only have a minor effect, such that 

those in a given quantile of the initial outcome distribution also appear in the same quantile 

in the post-policy distribution. For instance, the PPDA would imply that people at the lowest 
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quantile of the initial outcome distribution are also in this quantile in the post-policy distribu-

tion. Thereby, the PPDA implies that policies have negligible effects: For instance, the lot of 

the worst-off would not be improved substantially by a policy if these people would still be in 

the lowest quantile of the relevant outcome distribution post-policy. 

By implying negligible effects, the PPDA already implies a specific answer to the informational 

desire of policymakers specified above. While these policymakers want to know, based on RCT 

data, if the policy has non-negligible effects on voters at the median or the lowest quantile of 

the initial outcome distribution, obtaining this information from RCT data with the PPDA will, 

per assumption, yield the answer that this is not the case. Thereby, using the PPDA to address 

this specified informational desire of policymakers based on RCT data already implies a spe-

cific answer regarding this desire instead of providing a way to learn the answer implied by 

RCT data.  

This result, in turn, implies that distributional analyses of RCT data based on the PPDA cannot 

satisfyingly address this informational desire of policymakers. To illustrate this point, consider 

our policymaker who hopes to attract the altruistic electorate. Motivated by this, she requests 

information on whether the effect of her policy on the worst-off is non-negligible from the 

experimental evaluation of the policy. As we have seen, this information can only be obtained 

from RCT data by obtaining the joint distribution. In addition, the only weak assumption for 

this purpose is the PPDA. However, as we just saw, addressing the informational desire of our 

policymaker based on the PPDA will, per assumption, yield the answer that the policy had a 

negligible effect on the worst-off. Thereby, analysing the distributional question from our pol-

icymaker using the PPDA already implies a specific answer to her question instead of providing 

a way to learn the answer implied by the RCT data, which is what the policymaker wanted to 

know.  

We have thus established that even though the PPDA is a weak assumption, analyses of RCT 

data that employ the PPDA do not satisfyingly address the informational desire of policymak-

ers who require distributional information that is solely obtainable from the joint distribution. 

In other words, the distributional information that policymakers obtain from such an analysis 

is not the information that they require.  
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In the following, I argue that this finding helps us to reject the threat against (2) and thus the 

fourth premise of the MTE argument discussed in this chapter. Having rejected this final 

threat, I establish the persuasiveness of the MTE argument. 

4.2. Rejecting the Final Threat 

In this subsection, I argue that, because the PPDA does not provide policymakers with the 

distributional information they require, we can exclude the PPDA from the set of assumptions 

that proponents of the MTE argument are concerned with. As we have seen, the MTE argu-

ment claims that (2) the assumptions required to obtain distributional information of rele-

vance to policymakers based on RCT data by obtaining the joint distribution go beyond the 

minimal RCT assumptions. However, since the PPDA does not deliver the distributional infor-

mation that policymakers require, as established above, we can exclude the PPDA from the 

assumptions that the MTE argument refers to. 

This only leaves the PNDA and the independence assumption as potential candidates for as-

sumptions for obtaining the joint distribution and thus policy-relevant distributional infor-

mation from RCT data. However, these two assumptions would be considered too strong by 

EBP proponents to qualify as minimal assumptions. Therefore, these assumptions indeed go 

beyond the minimal RCT assumptions. Thus, proponents of the MTE argument are correct in 

claiming that the assumptions required to obtain distributional information of relevance to 

policymakers from RCT data go beyond the minimal RCT assumptions. This establishes (2) and 

thereby the fourth premise of the MTE argument. 

Conclusion 

In this chapter, we have examined a final threat for the fourth premise of the MTE argument, 

and thus its persuasiveness: That the assumptions that recover the joint distribution might be 

weak. This possibility endangers the persuasiveness of the MTE argument because it would 

imply that no assumptions that go beyond the minimal RCT assumptions are required for ob-

taining the joint distribution and, thus, policy-relevant distributional evidence from RCT data.  

As established, one assumption that recovers the joint distribution would count as weak ac-

cording to criteria employed by EBP proponents, i.e. the PPDA. Thus, providing policy-relevant 

distributional information based on RCT data by obtaining the joint distribution with the PPDA 

does not require assumptions that go beyond the minimal RCT assumptions. However, we 
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established that the PPDA does not provide policymakers with the distributional information 

they require.  

Thus, we can exclude the PPDA from the set of assumptions that allow us to obtain distribu-

tional information required by policymakers, which is conveyed by distributional parameters 

that depend on the joint distribution, from RCT data. This only leaves the PNDA and the inde-

pendence assumption, about which we have established that they would be considered to be 

strong by EBP proponents.  

Thus, proponents of the MTE argument are right in making the following claim reflected in the 

fourth premise of the MTE argument: The additional assumptions required to obtain policy-

relevant evidence conveyed by distributional parameters that depend on the joint distribution 

from RCT data go beyond the minimal RCT assumptions. Thereby, we can establish the fourth 

premise of the MTE argument and thus its persuasiveness. 
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Conclusion 

In this thesis, I have defended the persuasiveness of the MTE argument as an argument that 

can strengthen the philosophical case against the special role of RCTs for EBP. As outlined, the 

MTE argument threatens the special role that EBP proponents ascribe to RCTs by questioning 

the minimality of assumptions that RCTs require for producing policy-relevant evidence. 

As outlined, this alleged minimality of assumptions is also the focus of the external validity 

argument, which grounds the philosophical case against the special role of RCTs for EBP. Given 

this parallel, I have argued in the second chapter that the MTE argument could strengthen the 

philosophical case against the special status of RCTs for EBP, if shown to be persuasive.  

As outlined, support from the potentially persuasive MTE argument would be helpful for the 

philosophical case against the special role of RCTs for EBP. As we saw, this case is endangered 

because the key premise of the external validity argument is not broadly accepted beyond the 

philosophical discussion. In addition, we discussed that the MTE argument could support this 

philosophical case in cases in which the external validity argument would not be able to, e.g. 

when the trial sample is known to be a representative sample of the population of interest.  

To defend the MTE argument's persuasiveness and strengthen the philosophical case against 

the special role of RCTs for EBP, I have focused on defending the third and the fourth premise 

of the MTE argument. These premises are essential for using the MTE argument as an argu-

ment for the philosophical case against the special role of RCTs for EBP, which requires ques-

tioning the alleged minimality of assumptions that RCTs employ for producing policy-relevant 

evidence. At the same time, methodological advancements in the RCT literature threaten 

these essential premises.  

To defend these premises, I have started by defending the third premise in chapter 4. That is, 

I have argued that obtaining the joint distribution is necessary for obtaining policy-relevant 

information conveyed by distributional parameters from RCT data, even in light of methodo-

logical advancements such as subgroup means and quantile treatment effects. To show this, I 

argued that even though subgroup means and quantile treatment effects provide policymak-

ers with a host of distributional information, information on the distribution of individual-level 

impacts, such as the effect of a policy on individuals located at given quantiles of the initial 

outcome distribution, is missed by them. However, I have outlined that this distributional 
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information can be argued to be relevant for policymakers under the general and plausible 

assumption that policymakers are interested in the support of voters. 

I have then defended the fourth premise, i.e. that additional assumptions beyond the minimal 

RCT assumptions are necessary for obtaining this policy-relevant distributional information 

from the joint distribution. To this end, I have defended (1), that additional assumptions are 

necessary for obtaining the joint distribution against bounding as a possibility of learning 

about distributional parameters that depend on the joint distribution without making addi-

tional assumptions in chapter 5. Subsequently, I have defended (2), that the only assumptions 

that would allow us to obtain the distributional information that policymakers require from 

RCT data by obtaining the joint distribution would be seen as strong by EBP proponents, and 

thus go beyond the minimal RCT assumptions that allow for the identification of mean treat-

ment effects, in chapter 6.  

By defending the third and fourth premise of the MTE argument in light of methodological 

advancements in the RCT literature, I have argued for the MTE argument's persuasiveness as 

an argument supporting the philosophical case against the special role of RCTs for EBP. The 

third and fourth premise of the MTE argument establish that assumptions beyond the minimal 

RCT assumptions are necessary to obtain policy-relevant distributional information conveyed 

by distributional parameters that depend on the joint distribution from RCT data. From this 

result, in conjecture with the first and the second premise of the MTE argument, the conclu-

sion that we need to move beyond the minimal RCT assumptions on which the EBP propo-

nents’ defence of a special role of RCTs is based for obtaining policy-relevant evidence from 

RCT data follows. Therefore, the MTE argument can strengthen the philosophical case against 

the special role of RCTs for EBP. 

From this conclusion, the following questions for further research emerge: Firstly, it remains 

to be discussed whether other policy evaluation methods, such as those ranked lower in the 

evidence hierarchies of EBP proponents, fare better regarding the assumptions required for 

obtaining policy-relevant distributional information. So far, we have only established that as-

sumptions that are so strong that EBP proponents would not be comfortable with assuming 

them are required for obtaining policy-relevant distributional evidence from RCT data. It 

would be interesting to discuss whether this is also true for the assumptions needed to obtain 

policy-relevant distributional information using other policy evaluation methods.  
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Secondly, we have established that the special status of RCTs for the EBP movement cannot 

be defended by pointing to the minimal substantive assumptions that RCTs require for pro-

ducing quantities of interest to policymakers. This is because these assumptions do not suffice 

for producing policy-relevant evidence conveyed by distributional parameters. This line of ar-

gument strengthens philosophical doubts about whether the placement of RCTs on the top of 

the evidence hierarchies of EBP proponents can be defended by pointing to the reliable causal 

estimates that RCTs provide and the minimal substantive assumptions they employ. However, 

concluding that this special status for RCTs cannot be defended based on other considerations 

would require further discussion. 
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