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1. 

In this paper we want to bridge the gap between philosophy of economics and philoso-

phy of medicine and discuss the methodological virtues of randomized experiments in 

both fields. Randomized clinical trials constitute one of the pillars of contemporary 

medicine, and philosophers have been assessing their epistemic scope throughout the 

last three decades. The current philosophical consensus seems to be that RCTs do not 

provide an absolutely superior form of evidence, despite their popularity among clini-

cians and their prominent role in our pharmaceutical regulatory agencies. In the last 

decade there has been an explosion of interest on randomized field experiments in de-

velopment economics. Philosophers have not paid so much attention to these latter 

(with the exception of Nancy Cartwright’s 2010 PSA lecture), even if they often prom-

ise to bring about a revolution in our methods to fight poverty. At stake both in medi-

cine and economics is the possibility of an evidence-based policy (be it for pharmaceut-

ical regulation or for development).  

In this paper, we present first an introduction to clinical trials in medicine, discussing 

the contribution of randomization to causal analysis in RCTs. Taking sides here with 

Cartwright and Worrall, we argue that the validity of randomization cannot be estab-

lished ex ante, or by purely statistical considerations, but requires expert judgment. In 

the third section of the paper, we analyze the actual success of RCTs in regulatory drug 

testing. We show that the reliability of our regulatory agencies does not depend exclu-

sively on RCTs (as their critics sometimes think), but on a system of checks and bal-

ances, which includes extensive post-marketing surveillance. This system relies on ex-

pert judgment and it is crucial for it being credible that the experts appear impartial. 

Randomization provides a good warrant of impartiality, preventing selection biases. 

However, as we will see in detail in section 4, by itself it is not enough to secure the ac-

tual impartiality of RCTs: the financial stakes at each regulatory trial are high enough to 

elicit conflicts of interests at each stage of their design and implementation. Neither 

randomization nor any other single tool can cope with all the potential sources of bias in 
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a regulatory experiment. But, against some critics, we argue that this is a reason to keep 

randomization in medical trials, rather than dispensing with it: without randomization a 

drug test is more vulnerable to bias than without it.  

However, this might not be the case of randomization is development economics. As we 

will see in the fifth and final section of this paper, allocating treatments at random can 

interfere with the decisions of the potential participants, creating a Hawthorne effect. 

They will not behave in the experiment as they would have without it. Randomization 

does not warrant here either the impartiality of the experiment, because it creates an in-

centive to manipulate the results according to the preferences of the participants (once 

they realize in which group they are). Inviting third parties to run the experiment (inter-

national organizations) is not such a good solution as the conduct of drug trials by regu-

latory agencies in medicine.   

 

2. RANDOMIZATION AND CAUSALITY IN RCTS 

Stuart Pocock (1983) defined clinical trials as planned experiments, involving patients 

with a given medical condition, which are designed to elucidate the most appropriate 

treatment for future cases. The canonical example of experiments of this sort is the drug 

trial, which is usually divided into four phases1. Phase I focuses on finding the appro-

priate dosage in a small group of healthy subjects (20-80); thus such trials examine the 

toxicity and other pharmacological properties of the drug. In phase II, between 100 and 

200 patients are closely monitored to verify the treatment effects. If the results are posi-

tive, a third phase, involving a substantial number of patients, begins, in which the drug 

is compared to the standard treatment or placebo. If the new drug constitutes an im-

provement over the existing therapies and the pharmaceutical authorities approve its 

commercial use, phase IV trials are begun, wherein adverse effects are monitored and 

morbidity and mortality studies are undertaken. 

This paper focuses on phase III drug trials. The standard experimental design for these 

trials currently involves a randomized allocation of treatments to patients. Hence the 

acronym RCTs, standing for randomized clinical (or sometimes controlled) trials2.  

                                                      
1 Clinical trials can be set to analyse many different types of treatment: not only drugs, but also medical 
devices, surgery, alternative medicine therapies, etc. The characteristics of these types of trials are quite 
different; so, for the sake of simplicity, I will only deal here with drug testing.  
2 In this thesis, for the sake of simplicity, “RCTs” will refer to standard frequentist trials. Notice though 
that randomization may well feature in the design of a Bayesian clinical trial.  
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The statistical methodology for planning and interpreting the results of RCTs is 

grounded in the principles established by Ronald Fisher, Jerzy Neyman and Egon Pear-

son in the 1920s and 1930s. A hypothesis is made about the value of a given parameter 

(e.g., the survival rate) in a population of eligible patients taking part in the trial. The 

hypothesis is tested against an alternative hypothesis; this requires administering the 

drug and the control treatment to two groups of patients. Once the end point for the 

evaluation of the treatment is reached, the interpretation of the collected data determines 

whether or not we should accept our hypothesis about the effectiveness of the drug, as-

signing a certain probability to this judgment.  This statistical methodology is based on 

a specific view of probability, frequentism, according to which probabilities are (finite 

or infinite) relative frequencies of empirical events: the treatment effects in a given ex-

perimental setting. The first clinical trial planned and performed following a frequentist 

standard was the test of an anti-tuberculosis treatment, streptomycin. It was conducted 

in Britain and published in 1948. Over the following decades, RCTs would be adopted 

as a testing standard by the international medical community and by pharmaceutical 

regulatory agencies all over the world. Today, RCTs constitute the mainstream ap-

proach to drug testing and, through evidence-based medicine, they even ground stan-

dards of medical care.  

Running a phase III clinical trial is a complex task, which goes far beyond its statistical 

underpinnings. The credibility (and feasibility) of a trial is conditional on a complete 

preplanning of every aspect of the experiment. This plan is formally stated in the study 

protocol. The following items should feature in the protocol, according again to Pocock 

(1983, p. 30): 

 

Background and general aims Patient consent 

Specific objectives Required size of study 

Patient selection criteria Monitoring of trial progress 

Treatment schedules Forms and data handling 

Methods of patient evaluation Protocol deviations 

Trial design Plans for statistical analysis 

Registration and randomization of patients Administrative responsibilities 
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The aim of a trial is to test a hypothesis about the comparative efficacy of an experi-

mental treatment (be it with the standard alternative or a placebo). Leaving aside for a 

moment the statistical design of the test, first it is necessary to define which patients are 

eligible for the study (e.g., they should be representative of the disease under investiga-

tion); how to create an experimental group and a control group; how to administer 

treatment to each of them; and what the end-points for the evaluation of their responses 

are. During the course of the trial, an interim analysis is usually performed in order to 

monitor the accumulating results, since reaching the number of patients specified in the 

design may take months or years and because the information gleaned from such an in-

terim analysis may in fact warrant some action such as terminating the trial early. Once 

the trial is completed, the hypothesis about the comparative efficacy of the treatment 

will be either accepted or rejected and the results published. Depending on the disease 

and the planned sample size, this may add several years to the time taken up by the two 

previous trial phases. Thus the development of a new drug may well take a decade be-

fore it is approved for public use by the pharmaceutical regulatory agency3.  

Once a patient is deemed eligible (according to the trial’s protocol) and recruited, the 

informed consent form signed and the log sheet with her identification details filled out, 

the treatment is assigned at random. Depending on the arrangement of the trial (number 

of treatments, whether or not it is double blinded, whether or not it is multi-centre), ran-

domization may be implemented in different ways. The general principle is that each 

patient should have an equal probability of receiving either treatment. If it is convenient 

to control the allocation of treatments according to patient characteristics, in order to 

prevent imbalances, randomization can be stratified.  For most practitioners, randomiza-

tion accounts for the ability of RCTs to detect causal mechanisms. The justification of-

ten can be traced back to Fisher’s famous tea tasting experiment. In clinical trials, ran-

domization would allow control over unknown prognostic factors, since, over time, 

their effect would be distributed in balance between the two groups.  

However, the statistical rationale of the procedure is slightly more complex. Let us in-

formally sketch Fisher’s original argument for randomization (as reconstructed in (Ba-

                                                      
3 For an updated account of the practical arrangements involved in a trial, including compliance with the 
current regulatory constraints, see Hackshaw 2009, pp. 157-201. The book provides a concise overview 
of every dimension of a clinical trial today. For a thorough overview, see Piantadosi 2005. 
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su, 1980)). In order to study the response differences between the two treatments in trial 

patients, we need a test statistic with a known distribution: for instance, T=Σdi, where di 

is the response difference. Assuming the hypothesis that there is no difference between 

treatments, suppose we observe a positive difference di between treatments in a given 

pair of patients who received them at random. Assuming that our hypothesis is true, this 

difference must have been caused by a nuisance factor. If we kept this factor (and all 

other factors) constant and repeated the experiment, the absolute value of |di| would be 

the same with the same sign, if the treatments were identically allocated; it will be re-

versed if the allocation had been different. The sample space of T will be the set of 2n 

vectors R = {(± d1, ± d2,…., ± dn)}  

Randomization warrants that all these vectors will have an equal probability. If di is 

positive for all i, we will observe another n response differences d’i equal or bigger than 

di if and only if d’i = di. The probability of observing this response is (½)n, the signific-

ance level of the observed differences, as we will see below. This probability was, for 

Fisher, the frequency of observing this difference in an infinite series of repetitions of 

the experiment. And we will need it in order to calculate how exceptional the results of 

our experiment have been (e.g., via p-values). 

In order to detect causal mechanisms through standard RCTs we need to assume thus a 

frequentist conception of probability and interpret randomization in its light. In addition, 

we need to adopt a probabilistic view of causality which can make sense of RCTs. Let 

us illustrate it with Nancy Cartwright’s analysis. According to Cartwright, RCTs are 

one method, among others, for warranting causal claims. It is a clinching method that 

proceeds in a deductive fashion: if its assumptions are met and the necessary evidence is 

provided, we can safely affirm the concluding causal claim. However, the premises are 

of a very restrictive form and, therefore, the conclusions are narrow.  

RCTs test causal claims about the safety and efficacy of drugs in a given population fol-

lowing Mill’s method of difference. Given a selected outcome (O), we study the proba-

bility of the difference between outcomes with and without the treatment intervention 

(T) in two groups of patients drawn from a population φ. In these two groups, every 

causally relevant factor other than T are equally distributed. Hence, the observed differ-

ence in O would be an effect of T. We need a number of assumptions to make sense of 

this causal claim. 



 

6 

The first assumption is a causal fixing condition (Cartwright and Munro 2010, p. 261): 

the probability of an effect is fixed by the values taken by a full set of its causes. 

Cartwright adopts a version of Suppes’ probabilistic theory of causality, that generally 

states that for an event-type T temporally earlier than event-type O in a population φ,  

T causes O in φ iff P(O/T&Ki) > P(O/¬T&Ki)  

for some subpopulation Ki, with P(Ki) > 0 

We are assuming in addition that the individuals in our sample are all governed by the 

same causal structure4, described by a probability distribution P. According to 

Cartwright, “P is defined over an event space {O,T,K1,K2,. . .,Kn}, where each Ki is a 

state description over ‘all other’ causes of O except T”5. Conditioning on these potential 

confounding factors, we can attribute the remaining difference between P(O/T&Ki) and 

P(O/¬T&Ki) to the causal link between O and T.  

For Cartwright, randomization would be just a means of controlling the probabilistic 

dependences in the experimental and the control group , making sure that they are the 

same in both wings except for C. In an ideal RCT, claims Cartwright (2007, p. 15), the 

Ki are distributed identically between the treatment and control groups. Hence any dif-

ference in outcome between groups can be causally attributed to T in at least one Ki rel-

ative to the causal structure (CS) described by P. This is the conclusion that RCTs can 

clinch. However, according to Cartwright, we need additional assumptions if we want to 

generalize this conclusion to some target population φ.  

If we want to affirm, for instance, that T causes O in at least some members of Θ, 

Cartwright (2007, p. 17) argues, we need assumptions of this kind: 

• At least one of the subpopulations (with its particular fixed arrangement of ‘oth-

er’ causal factors) in which T causes O in φ is a subpopulation of Θ. 

• The causal structure and the probability measure is the same in that subpopula-

tion of Θ as it is in that subpopulation of φ. 

The main warrant for these assumptions in RCTs provide comes thus from randomiza-

tion However, throughout the last three decades, philosophers of science (namely Peter 

Urbach and John Worrall) have put in question this view of randomization. Let us list 

the main objections:  

                                                      
4 In Cartwright 2007, p. 16, this causal structures are defined as “the network of causal pathways by 
which O can be produced with their related strengths of efficacy”. 
5 Ki are “maximally causally homogeneous subpopulations” of φ: see Cartwright 2010, pp. 61-63 for a 
discussion. 
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Objection #1: which population?  

In a clinical trial there is no real random sampling of patients, since the population ran-

dom samples should be drawn from remains usually undefined: there is no reference 

population, just criteria of patient eligibility in the trial protocol. Generalizing from the 

individuals entered into the study to any broader group of people seems ungrounded 

(Urbach 1993). 

Objection #2: significant events may not be that rare 

A positive result in a significance test is interpreted as an index that H0 is false. Were it 

true, such result would be an “exceptionally rare chance”. It would be exceptional be-

cause a randomized allocation of treatments would ideally exclude any alternative ex-

planation: uncontrolled factors would be evenly distributed between groups in a series 

of random allocations. However, it would not be “exceptionally rare” that the treatment 

was effective in the case where it had been allocated to the healthier patients alone, to 

those with best prognoses or to any group of patients that for whatever reason could dif-

ferentially benefit from the treatment.  

Colin Howson, among others, has argued that randomization as such does not guarantee 

that the occurrence of such unbalanced allocation in a particular trial is rare: it may be 

produced by uncontrolled factors. As Worrall (2007, pp. 1000-01) puts it, “randomiza-

tion does not free us from having to think about alternative explanations for particular 

trial outcomes and from assessing the plausibility of these in the light of ‘background 

knowledge’”. This further assessment cannot be formally incorporated, as it should be, 

into the methodology of significance testing. Hence, we cannot ground our conclusions 

on this methodology alone. 

Objection #3: post randomization selection 

By sheer chance, a random allocation may yield an unbalanced distribution of the two 

test groups, i.e., the test groups may differ substantially in their relevant prognostic fac-

tors (these are called baseline imbalances). This difference may bias the comparison 

between treatments and spoil the experiment. If one such distribution is observed, the 

customary solution is to randomize again seeking a more balanced allocation. However, 

argues Urbach (1985), the methodology of significance testing forbids any choice be-

tween random allocations: if they are adequately generated, any allocation should be as 

good as any other. Hypotheses should be accepted or rejected on the basis of the expe-
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riment alone, without incorporating our personal assessment of the generated data (justi-

fied though it may be). 

It is usually assumed that with a high number of enrolled patients, it is very unlikely 

that randomization generates unbalanced groups. Urbach argues that we cannot quantify 

this probability and much less discard it. At best, a clinical trial provides an estimation 

of the efficacy of a treatment, but there is no direct connection between this result and 

the balance of the two groups. The conclusions of the trial can be spoiled by the follow-

ing two objections. 

Objection #4: unknown nuisance variables after randomization 

Even after randomizing, uncontrolled factors may differentially influence the perfor-

mance of a treatment in one of the groups. Further randomizations at each step in the 

administration of the treatment (e.g., which nurse should administer it today?) may 

avoid such interferences, but this is quite an impractical solution. Declaring such distur-

bances negligible, as many experimenters do, lacks any internal justification in the sta-

tistical methodology assumed (Urbach 1985, Worrall 2007).   

Objection #5:  known nuisance variables 

It has been argued that randomization can at least solve the problem created by known 

perturbing factors that are difficult to control for. These could be at least randomized 

out. Following Levi (1982), Urbach (1985, p. 267) argues that since we know of no 

phenomena correlated to these confounding factors, “there is no reason to think that 

they would balance out more effectively between groups by using a physical randomiz-

ing device rather than employing any other method”. 

In sum, randomization per se does not guarantee the internal validity of an RCT: the 

objections show that we need the judgment of an expert to judge whether randomization 

has been properly conducted. As Nancy Cartwright puts it:  

Without expert judgment, however, the claims that the requisite assumptions for 

the RCT to be internally valid are met depend on fallible mechanical procedures. 

Expert judgments are naturally fallible too, but to rely on mechanics without ex-

perts to watch for where failures occur makes the entire proceeding unnecessari-

ly dicey. (Cartwright 2007, p. 19) 
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2. CAUSALITY AND THE REGULATION OF THE PHARMACEUTICAL MARKETPLACE 

As we said in the introduction, RCTs provide the standard of proof for regulatory agen-

cies and we may wonder to what extent the objections examined in the section above 

impinge on their practice. We will assess the external validity of RCTs in a regulatory 

context, showing that despite their flaws, RCTs are still considered a reliable regulatory 

tool by the American public. We claim that randomization provides a warrant of impar-

tiality that crucially contributes to this consideration, precisely because it constraints 

expert judgment (which, as we will see, is necessary to assess the RCT results). In order 

to make our case, let us briefly present first the regulatory role of RCTs in the U.S. 

pharmaceutical markets. 

The 1950s saw a boom in industrial drug production (some were wonder drugs, e.g. an-

tibiotics, but many were just combinations of already available compounds) and, simul-

taneously, in pharmaceutical advertising that caused much confusion among practition-

ers about the therapeutic merit of each product (Marks 2000, p. 346)6. For a minority of 

therapeutic reformers, RCTs with a strict research protocol provided the information 

about drugs that “sleazy advertising” was trying to disguise with “badly scissored 

quotes”, “pharmaceutical numbers racket”, “detail men” visits and so forth  (Lasagna 

1959, p. 460-461)7. Hence advising physicians to prescribe on the basis of RCT-based 

evidence was perceived as necessary. Moreover, the increasing commercial pressure on 

pharmaceutical research (as RCTs became part of the advertising engine) made it neces-

sary to enforce the observance of a rigorous trial protocol8. 

In the 1960s, defenders of a more severe pharmaceutical regulation in Congress found 

in the thalidomide scandal the lever needed to pass what would become the 1962 Drug 

efficacy amendment to the Food, Drug and Cosmetics Act. It required from the appli-

cant “adequate and well-controlled clinical studies” for proof of efficacy and safety. The 

FDA developed this indication in further detail: The “Form FD-356”, published in the 

                                                      
6  See, e.g., the editorial pleads in the Journal of the American Medical Association 165 (1957), p. 688 
and the New England Journal of Medicine 258 (1958), p.145. 
7 For a quick description of the commercial distortions of pharmaceutical research in the United States 
and the role that clinical trials could play to regulate it see Dowling 1957 and Sheps 1961.  
8 “To get an approximate idea of the current situation in all specialties, the author reviewed the summaries 
of original investigations which appeared in the 1959-60 Year Book of Drug Therapy. Out of 394 summa-
ries which gave adequate information about the plan of the study, 225 (57 per cent) related to reports 
without any explicit comparison with the results of another treatment in similar patients. Every section of 
the Year Book contained reports which ignored the hard fact of unpredictability and simply described the 
course followed by patients while they were being given a drug. All of this evidence suggests that a great 
part of the so-called clinical evaluations of new drugs is unscientific, lacks adequate provisions to elimi-
nate bias, and cannot be objectively judged.” (Sheps 1961, p. 651) 
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Federal Register on February 14, 1963, established (Carpenter & Moore 2007, pp. 355-

356): 

An application may be incomplete or may be refused unless it includes substan-

tial evidence consisting of adequate and well-controlled investigations, by ex-

perts qualified by scientific training and experience to evaluate the effectiveness 

of the drug involved, on the basis of which it could fairly and responsibly be 

concluded that the drug will have the effect it purports or is represented to have 

under the conditions of use prescribed. 

Although the definition of a well controlled investigation would not be clarified until 

1969, when it was formally quantified as two well-controlled clinical trials plus one 

previous or posterior confirmatory trial (Ceccoli 2004, p. 181), Carpenter and Moore 

claim that this set of regulations created the modern clinical trial industry9. In the com-

ing three decades, pharmaceutical funding would propel the conduct of RCTs in the 

United States (and elsewhere).  

How can we measure the performance of regulatory RCTs? Have they adequately as-

sessed the efficacy and safety of the compounds introduced in our pharmaceutical mar-

kets? More precisely, the purported causal effects detected in trials have they been ade-

quately generalized to the corresponding patient populations?  It is worth recalling that 

the Food and Drug Administration (FDA), like other regulatory agencies, does not take 

the external validity of the RCTs leading to the approval of a new substance for granted. 

There is a fourth phase in clinical trials, post-market surveillance in which the FDA col-

lects adverse event reports from various sources and conducts epidemiological studies 

to assess their relevance. In other words, the FDA keeps track of the validity of the re-

sults of their trials in the general population.  

However, the authority and resources of the FDA at this stage are disproportionately 

smaller than at any previous point in the approval process. And the assignment is big: 

apart from monitoring adverse reports, the agency has to consider as well issues in labe-

ling, advertising or the inspection of production and storage facilities, to name just a 

few. Hence, we cannot take the market withdrawal of a drug as the best indicator of the 

                                                      
9 For analysis of several paradigmatic trials after the 1963 amendment, see Marks 1997, pp. 164-229 and 
Meldrum 1994, pp. 310-372. 
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lack of external validity of the antecedent trials10. As Dan Carpenter (2010, ch. 9) has 

argued, the negotiation of each withdrawal depended on a number of circumstances out-

side and inside the agency. 

Among these latter circumstances, we should mention the conflict between the stan-

dards of proof employed in the third and fourth phase of the trial. A group of pharma-

cologists who came to dominate the FDA in the 1960s imposed the RCT as the main 

evidentiary standard. Still in our days they are the leading voice within the agency and 

epidemiologists continue playing a secondary role (Carpenter 2010, p. 612). This 

creates a sort of pharmacologists’ confirmation bias at the agency. These pharmacolo-

gists, we may suspect, refuse to revise their approvals in the light of additional epidemi-

ological evidence to the contrary11. 

A more reliable indication of minor or major failures at phase 3 trials are changes in 

drug labeling. According to Dan Carpenter (2010, p. 212), the FDA has relied on these 

changes as a cheap regulatory strategy, given the available resources, as compared with 

pursuing withdrawal or a change in advertising and prescribing practices – which in the 

United States are only lightly regulated. As long as the label describes potential safety 

threats, the FDA can claim that the consumer has been warned. Each label change re-

quires an application for approval, which creates a data record. Dan Carpenter has com-

piled it in the following table, where it is compared to other product changes for the 

same periods:   

                                                      
10 For an analysis of the complex circumstances of a withdrawal, see Abraham and Davis 2009 and Abra-
ham 2010. 
11 Dan Carpenter (2010, pp. 623-626) has found that for every year increase in the average staff tenure at 
the approving division of the FDA the drug is 6.9 percent less likely to experience a black-box label 
warning. Carpenter suggests we may conjecture that with longer tenure there will be growing concern in 
the FDA officers about their reputation; therefore, they will resist the admission of failure in their judg-
ment of a drug. For parallel evidence regarding judicial convictions see Tavris and Aronson 2007, chapter 
5.  
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Table 2  (Carpenter 2010, p. 613) 

Carpenter (2010, p. 623) summarizes it as follows: from 1980 to 2000 the average new 

molecular entity received five labeling revisions after approval, about one for every 

three years of marketing after approval. Only one in four drugs had no labeling revi-

sions at all. Even if the data come mostly from post-Bayh-Dole RCTs, it seems exagge-

rated to attribute all this revisions to the biases introduced by the trial sponsor –though 

this is something that only a statistical analysis can conclude.  

The data are obviously too rough to decide what went wrong, if anything, in the phase 3 

RCTs: the sample might have been too homogeneous as compared to the patients that 

finally used the therapy, as Cartwright suggested, or the trial too brief to detect adverse 

effects (e.g., toxicity or cardiovascular outcomes). If we take external validity in an 

equally rough sense, Carpenter’s data suggest that Cartwright points out correctly the 

limitations of causal inference in RCTs. In the end, we need experts to decide whether 

the data grant the regulatory approval and their judgment may fail.  

However, we do not think that the FDA or any other regulatory agency ever were so 

ambitious as to assume that the external validity of phase III RCTs could be taken for 

granted without further checks. The establishment of a monitoring system on approved 

drugs shows that the FDA acknowledged the fallibility of phase III trials and possibility 
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of making incorrect decisions about drug approvals. This is a first crucial point we 

should bear in mind: the reliability of clinical trials for regulatory purposes depends not 

only on RCTs, but on an entire institutional system of checks and balances. The first 

two phases of a trial provide background knowledge on which the RCTs rely and their 

conclusions should be later validated by extensive monitoring.   

Imperfect as it may seem, the U.S. public has considered the FDA a reliable regulator: it 

may fail, but not in the interest of a private party (Carpenter 2010). We contend that 

even if it is an imperfect means to detect causal connections, randomization has played 

a crucial role in granting the independence and credibility of regulatory agencies, if only 

for one reason: it prevents selection biases. Medical experiments have indeed 

straightforward economic consequences: the inventor of successful therapies may be-

come rich at the expenses of those who have to pay it, be it the consumers or their 

health insurance. These financial incentives are prone to generate biases and may ex-

plain as well why the results of an experiment are contested if it does not accord with 

the expectation of one of the parties. Randomization prevents investigators from assign-

ing (consciously or unconsciously) patients with, say, a given prognosis to any one of 

the treatments. For instance, an investigator might allocate the experimental treatment to 

the healthier patients, if she wants the trial to be positive, or to the patients with a worse 

prognosis, if she thinks they will benefit more. 

From a purely causal standpoint, randomization is just a means of controlling the prob-

abilistic dependences arising from biases in the experimental and the control group, 

making sure that they are the same in both wings except for the treatment. For the 

pharmaceutical consumer, randomization appears as a warrant of the impartiality of the 

test: nobody will allocate treatments for his own particular benefit. Even if randomiza-

tion requires expert judgment, it also constrains it in a way that seems desirable from a 

regulatory viewpoint.  

Between 1900 and 1950 pure expert clinical judgment was the main approach in the as-

sessment of the properties of pharmaceutical compounds, both in Britain and the United 

States. An experienced clinician would administer the drug to a series of patients he 

considers more apt to benefit from it. His conclusions would be presented as a case re-

port, with the details of each patient’s reaction to the treatment. The alternatives were 

first laboratory experiments and then controlled clinical trials (from which RCTs would 

later emerge). The former would proceed either in vitro or in vivo (on animals and pa-
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tients): considered superior by clinicians with a scientific background, its scope was 

usually restricted to safety considerations. It soon gave way to comparative trials, in 

which two treatments were alternated on the same patient or administered in two groups 

of patients (simultaneously or not). The arrangements to secure the comparability of the 

two treatments were the controls and they adopted different forms: eligibility criteria, 

alternation and then randomization in the allocation of treatments, uniformity in their 

administration and blinding were the most prominent. They were not used necessarily 

all at once. Statistical reports from controlled trials conveyed their results with different 

degrees of sophistication. Significance testing features only occasionally before 1950.  

The regulatory authorities in Britain and the United States arranged official drug testing 

depending on the standards adopted by the research community within their respective 

medical professions. In both cases, and throughout the 20th century, the regulators were 

concerned about impartiality, understood here as independence from the financial inter-

ests of the pharmaceutical industry. Tests sponsored by manufacturers for advertising 

purposes were considered suspicious by the consumers in both countries and this 

prompted, in different ways, the development of public pharmaceutical agencies to con-

duct or supervise the tests. However, most clinical researchers considered themselves 

impervious to biases from non-financial sources and impartial enough to conduct clini-

cal tests without selection-proof mechanisms. Until the 1960s, regulatory decisions 

were fundamentally based on expert judgment of this sort. Expert judgment came only 

to be discredited in the United States when the pharmaceutical industry became big 

enough to advertise at such a massive scale that the judgment of individual clinicians 

ceased to be considered reliable at the regulatory agencies.   

However, as Iain Chalmers and Harry Marks have argued, the inferential power of 

RCTs and their statistical foundations were not the primary reason to adopt them: ran-

domization, blinding and significance testing were impersonal rules to allocate treat-

ments and interpret the results of a trial and, therefore, warrants of impartiality against 

the interests of the pharmaceutical industry. Rather than dispensing with expert judg-

ment, these debiasing rules constrained it in order to make it credible to the consumer.  

A clinical trial might be inherently uncertain from a causal point of view and yet we 

may well accept its results if we are granted that nobody exploits this uncertainty for his 

own private benefit.  



 

15 

To sum up, randomization might be defended, in the context of a regulation, as a war-

rant of impartiality, as a constraint on the judgment of the experts, even if judgment is 

nonetheless necessary to establish the causal scope of RCTs.  

3. THE ACTUAL IMPARTIALITY OF RCTS 

We may now wonder to what extent the warrant of impartiality is enough to secure the 

fairness of a trial. As of today, the answer seems not very promising: the conflicts of 

interest pervading biomedical research seem to overflow whatever warrant set against 

them in RCTs. Again, we need to put this claim in context. 

In 1980 the Bayh-Dole Act gave the pharmaceutical industry the chance to intervene 

more deeply in the organization of biomedical research, including the running of 

RCTs12. By 2005 only 25% of all pharmaceutical research was conducted in academic 

medical centers (the figure was 80% before 1990: Fisher 2009, p. 4). The industry was 

spending around $15 billion in clinical trials, nearly three times as much as the entire 

public budget in the United States (Fisher 2009, p. 5). The money was allocated to an 

array of companies involved in the conduct of trials. Patients participating in the trial 

are treated through the so-called investigative sites, all sort of facilities ranging from 

university hospitals to small private practices. Sometimes they are centrally hired and 

coordinated by Site Management Organizations. The pharmaceutical industry usually 

deals with them through Contract Research Organizations that hire the necessary sites 

for each trial and monitor its conduct. The trials are also externally monitored by pro-

fessional Institutional Review Boards, checking their scientific and ethical standards on 

demand for a fee. There are also auxiliary companies dealing with the advertising and 

recruitment of patients, among other aspects of the trial. The main justification of this 

research market is the possibility of speeding each stage of the trial in order to get as 

quickly as possible to the consumers and make the most of each patent13.  

In this context, an increasing concern has emerged about the conflicts of interest that 

biomedical researchers are facing. These conflicts are informally understood as poten-

tial sources of bias: in a trial the duties of the clinician (e.g., patients’ care) or scientist 

                                                      
12 For a complete survey and discussion of the effects of the Bayh-Dole Act on North-American science, 
see Krimsky 2003.  
13 New compounds are patented at the start of clinical research, not after FDA approval: the three phases 
of a trial can consume up to nine years and less than a third of the trials are successful. Thanks to this for-
profit organization of research, companies were filing applications to the FDA in 4.9 years on average 
between 1999 and 2003, whereas in the period 1994-1998 it had taken 5.4 years (Fisher 2003, pp. 12-13). 
The FDA is speeding their review process as well after introducing fees for the filing companies to sub-
sidize the process. 
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(e.g., truth finding) can be influenced by their personal interests at stake in the research, 

be these financial (e.g., as stockholders) or social (e.g, status)14. Little is known about 

the precise belief-forming mechanisms at operation in these conflicts. Nonetheless there 

is increasing evidence, for instance, about the effects of gifts on the prescriptions of 

practicing physicians15. We can presume that their colleagues conducting trials may be 

no less sensitive to the industry attentions.  

Starting in the 1980s, a growing number of quantitative studies were conducted in order 

to estimate the scope and impact of these conflicts of interests among researchers. In the 

early 2000s, the first systematic reviews aggregating data from all these studies were 

published. The two more influential of these meta-analyses probably still are Bekelman 

et al. 2003 and Lexchin et al. 2003. Financial interests are loosely defined encompass-

ing such different relationships with the industry as sponsorship, consultancy, employ-

ment, technology transfer, new venture formation, gifts or personal funds. The outcome 

varies depending on the aim and of each type of study and the methodology imple-

mented.  

Bekelman et al. (2003, p. 455) considered the proportion of industry sponsored and non-

industry-sponsored studies with a certain outcome or characteristic. They reviewed 8 

papers that analyzed the association between the sponsor and the study outcome in 1140 

studies (not all of them RCTs). Assuming that the industry prefers a positive outcome 

for the experimental treatment – since they are investing in its development – the 8 pa-

pers reviewed yielded a higher probability of achieving such positive conclusion under 

private than under public sponsorship16.  

Was the association between conclusions and sponsorship due to the methodological 

quality of the original studies? Five of the eight papers reviewed in Bekelman et al. 

(2003, p. 459) reported that the quality of the studies was comparable, whatever the 

sponsor. Leaving aside the meta-methodological discussion of whether methodological 

quality can be measured, it is interesting to notice that many of these quality scales for 

RCTs hinge on bias control. The Jadad scale (Jadad et al. 1996) used in several papers 

analyzed in Bekelman et al. (2003) is built on the following three questions: 

                                                      
14 The standard definition of a conflict of interest in the biomedical literature is Denis Thompson’s: “a set 
of conditions in which professional judgment concerning a primary interest (such as a patient’s welfare or 
the validity of research) tends to be unduly influenced by a secondary interest (such as financial gain)’’ 
(Thompson 1993). For an actual sample of these conflicts, see Murphy 2004, pp. 127-152. 
15 For a quick review, see Jain 2007. 
16 This is measured by the following odds ratio (p1/1- p1)/ (p2/1- p2), where p1 is the probability of a 
positive conclusion under private sponsorship and p2 under public sponsorship. 
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1. Was the study described as randomized (this includes the use of words such as 

randomly, random, and randomization)? 

2. Was the study described as double blind? 

3. Was there a description of withdrawals and dropouts? 

In short, despite strict compliance with randomization and other debiasing rules that 

were regarded to warrant the fairness of RCTs only three decades ago, there seem to be 

pro-industry biases systematically interfering in the conduct of RCTs today. As Lexchin 

et al. (2003, p. 7) put it, “the results apply across a wide range of disease states, drugs, 

and drug classes, over at least two decades and regardless of the type of research being 

assessed”. A simple look at table 2 will show that these three impartiality warrants can-

not control all the potential sources of bias even at the stage of either designing a stan-

dard RCT. We owe this list to Lisa Bero and Drummond Rennie who adopt the physi-

cian’s standpoint in the assessment of a drug study: it should provide “data on the rela-

tive effectiveness of a new drug: the clinical effectiveness, toxicity, convenience, and 

cost compared with available alternatives” (1996, p. 209). Effectiveness is defined, fol-

lowing the World Health Organization, as “the likelihood and extent of desired clinical-

ly relevant effects in patients with the specific indication” (ibid.).  

Physicians interested in actual therapy care more about effectiveness than about mere 

efficacy, which usually covers whatever effect a drug may have independently of its 

therapeutic value. Despite their methodological quality, privately sponsored trials may 

be designed with a view to test for effects whose relevance for prescribing the drug is 

not accurately presented in the study. According to Bero and Rennie, a physician should 

consider such studies biased.17 

                                                      
17 However, as some industry researchers suggest (Sacristan et al. 1997) biases may go in all directions: 
governments want to reduce their health budgets and they may prefer trials favoring the cheapest drug, 
which is often the control therapy. A "positive result" should thus indicate the result which coincides with 
the interests of the sponsor, rather than the one or another therapy. However, there is little evidence as of 
today regarding this second sort of bias. 
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I. The research question 

1. The research question is too narrow 

II. Design of the study 

1. The study patients are not representative 

2. The allocation of treatments is not at random 

3. The choice of comparison groups favors the new drug 

4. No blinding of study subjects/researchers to treatment 

5. Use of fixed dosage 

6. Inappropriate choice of outcome measures 

7. Misleading data presentation and analyses 

III. Conducting drug studies 

1. Failure to follow the established protocol 

2. Failure to keep records 

3. The submitted manuscript does not contain the data actually collected 

IV. Drawing conclusions from the results of the study 

1. The conclusions do not relate to the research question 

2. The conclusions do not agree with results 

V. Publication of drug studies 

1. The data are not published 

2. The funder controls the content of the publication 

3. The funder bypasses the peer review process 

 

Table 2: Potential Sources of Bias (Bero & Rennie 1996) 

 

Leaving aside those items in the list that tend to appear only in trials of questionable 

quality (e.g., II.1, 2, 4, 7 and III), there are ways in which a researcher may raise his 

chances of getting positive results. For instance, the choice of dosage (II.5) and outcome 

measures (II.6). A researcher is free to choose a high dose of the experimental drug and 

any number of surrogate end points to assess its effect, whatever their clinical relevance. 

According to Bero and Rennie (1996, pp. 218-219), prescribing physicians should care 

instead for dose-response curves for the new drug compared to its competitors and ac-

tual health outcomes for each point in the curve. Researchers are equally free to chose 

the control treatment in a trial, be it another drug or a placebo (Bero and Rennie 1996, 

pp. 216-218). There are diseases (e.g., depression) for which the response to placebo is 

substantial and highly variable and a comparison with an already established drug will 

be probably favorable to the new treatment, but such trial will not deliver much infor-

mation on relative effectiveness. Between 1945 and 1969, 100% of the trials were pla-
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cebo controlled, whereas only 24% were between 1980 and 1989 (Bero and Rennie 

1996, p. 218). The comparison with another drug gives also room for choice: it can be 

an alternative in the same drug class, in another drug class or even nondrug alternatives. 

In all cases the comparison is legitimate for research purposes, but prescribing physi-

cians may find it more or less relevant for their clinical practice.  

Costs are crucial for all parts, even if they are not explicitly included in the trial. On the 

side of the producer, it may happen that providing all the information demanded by the 

physician requires a more expensive trial. According to Bero and Rennie (1996, pp. 

212-213), physicians want to know about relative treatment costs, a variable not always 

explicitly considered in the trial: depending on the dosage, side effects and available 

alternatives, a new drug may be more or less expensive to prescribe. Even if the study 

does not properly address all these concerns, the conclusions sometimes suggest the op-

posite. There is a growing industry of professional medical writers who are hired to 

produce more convincing papers, even if not always faithful to the study conducted.  

Peer-review should detect and amend these conclusions in scientific journals, but it not 

always does and, moreover, there are many other medical publications (throwaway 

journals, symposia proceedings) that reach physicians without a referee control. We 

should also consider here the so-called publication bias all those negative results ob-

tained in studies that never see the light (in print). 

Strictly speaking, there might be no error in the trial: the background theory may be 

correct, the trial may be well designed and performed with proper caveats to check the 

assumptions and observational reports, and the results faithfully presented. This is why 

they are published and accepted as evidence by the regulatory agencies. Yet Bero and 

Drummond claim that from a clinical point of view, the published trial may be still bi-

ased, either because it answers clinically not very relevant questions or appears to an-

swer relevant ones with no actual evidence to do it.  

A simple solution are reader’s guides providing checklists to verify the actual scope of a 

tria (e.g., Montori et al. 2004) l. But this new minority of medical reformers wants to 

debias the scientific journals themselves. Among the most popular measures proposed 

we should cite three: financial disclosure, reporting standards and trial registries. The 

first two rules should be implemented in the editorial policies in scientific journals: full 

disclosure of the financial relationships between researchers and the pharmaceutical in-

dustry should be a compulsory pre-requisite of publication; the trial should be reported 
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according to an agreed standard such as CONSORT. Finally, the pharmaceutical regula-

tor should require that all trials are publicly registered to keep a record of the results ob-

tained even if these are never published later. 

All these are sensible and feasible policies, already in operation (to different degrees: 

see Ancker & Flanagin 2007). However, it has been argued that, even at their best, they 

will not completely correct the sort of biases denounced by Bero and Drummond. For 

instance, M. Doucet and S. Sismondo (2008) contend that in countries (like the USA) 

where 70% of the funding comes from the pharmaceutical industry, financial disclosure 

just reveals the obvious and, most often, it does not set any standard of comparison be-

tween potentially biased and unbiased trials. Reporting standards or trial registration 

policies may correct publication bias or distorted interpretations but, as Doucet and 

Sismondo put it, they do not set clinical relevance guidelines for trial design. Therefore, 

they cannot correct items II.3, 5, 6 in Bero and Drummond’s list. As these latter sug-

gest, we can only get such unbiased information if either it is legally required by the 

regulatory agencies in order to grant approval or these agencies conduct a study on their 

own to collect the missing data in each application. 

Indeed, today many observers are advocating conduct and publication of second and 

third phase clinical trials in publicly funded institutions, either for a fee or directly 

“from the public purse”18: the results would become a public good available to all who 

request them. The industry would be free to organize their own trials, but for regulatory 

purposes only publicly financed trials would count for approval19. We think this is a 

sensible approach, even if the details of the proposal are still to be worked out. If expert 

judgment is both fallible and inevitable in the design and interpretation of trials, as the 

argument in section 1 and 2 suggests, we had better arrange an institutional setting in 

which the incentives for these experts do not collide with the public interest. 

In sum, randomization may be an imperfect means to detect causal connections, requir-

ing expert judgment to assess its results. It constrains the choices of the experts at the 

time at the time of allocating treatments, preventing selection biases. However, biases 

operate at different levels and randomization by itself is not enough to avoid them and 

guarantee the impartiality of a trial. Yet, this is not an argument for the dispensability of 

                                                      
18 Prominent advocates of this approach are John Abraham (2010), Marcia Angell (2004), Sergio Sis-
mondo (2008) and Boldrin and Levine (2008). 
19 There are alternative, but somewhat complementary approaches, such as the implementation of an ad-
versarial system at the FDA defended by Justin Biddle (2007) or Julian Reiss.  
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randomization (e.g., Borgerson 2009), but rather the opposite: if we want impartial clin-

ical trials, so that nobody can exploit their inherent uncertainty for their own purposes, 

we need as many debiasing procedures as possible. Randomization is just one of them 

and independently of our probabilistic convictions we have good reasons to use it in 

contexts where biases may interfere (Berry and Kadane 1997) 

4. RANDOMIZATION IN FIELD TRIALS  

The assessment of public policy programs through large-scale randomized trials is al-

ready several decades old (the 1968 New Jersey negative income tax experiment is con-

sidered a pioneering example). Usually the interventions assessed deal with one or 

another aspect of the welfare of large populations and testing them is expensive, though 

the cost of the actual implementation of the program would be significantly more so. 

Around 200 randomized field trials were run in the United States between 1960 and 

1995 (Orr 1999), with more or less convincing results.  

In the last decade, there has been an explosion of interest in randomized social experi-

ments among development economists. Several programs for improving health or edu-

cation, different microfinance and governance schemes have been tested in a number of 

developing countries. A success story is the PROGRESA program implemented in 

Mexico in 1998. PROGRESA aimed at improving school performance through a system 

of direct transfers conditional on both family income, school attendance and preventive 

health measurements. The amount of the allocation, received directly by the mothers, 

was calculated to match the salary of a teenager. In order to test the effects of PRO-

GRESA (and with a view to secure its continuation if there was a change in govern-

ment), a team at the Ministry chose 506 villages implementing PROGRESA in half of 

them, selected at random. The data showed an increase in teenager enrollment in sec-

ondary education significantly higher in the experimental group, with concomitant im-

provements in the community health. The experiment was considered convincing 

enough to ground the extension of the scheme to more than thirty countries.   

The boom of field experiments in development economics may owe something to their 

costs: in developing countries, the costs for running these programs are significantly 

lower than, say, in the United States and non-governmental organizations can imple-

ment it in a quick and efficient manner. But there is also a sense of political opportunity 

among these social experimentalists. A leading one, Esther Duflo, puts it as follows: 

just as RCTs brought about a revolution in medicine, randomized field trials can do the 
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same for the assessment of our education and health policies in fighting poverty (Duflo 

2010, p. 17). 

Nonetheless, Duflo acknowledges the many methodological pitfalls randomized field 

experiments can incur. We will only examine here a single controversial aspect of ran-

domization in experiments of these sort, analyzing the arguments of James Heckman, 

on the one hand, and Duflo and some of her coauthors, on the other, drawing on the dis-

cussion of the previous three sections. That is, to what extent can randomization secure 

causal conclusions and an impartial test? 

In 1992, Heckman published a seminal paper containing “most of the standard objec-

tions” against randomized experiments in the social sciences. Heckman focused on the 

non-comparative evaluation of social policy programs, where randomization simply de-

cided who would join them (without allocating the rest to a control group). He presented 

a semi-formal analysis of the possible effects of randomization on the behavior of po-

tential participants –i.e., the Hawthorne effects it may prompt20. In this view, randomi-

zation might prevent the experimenters from incurring in selection biases, but it may 

elicit a different bias on the experimental subjects, who might have behaved differently, 

if joining the program had not required “a lottery”. Randomization would thus interfere 

with the decision patterns (the causes of action) presupposed in the program under eval-

uation. Let us present Heckman’s case with the responses. 

Let D represents participation in a program. Y represents the outcome of this participa-

tion. These two variables are related as follows 

 Y = Y1 if D  = 1  [The outcome of participating] 

 Y = Y0 if D  = 0  [The outcome of not participating] 

We presume that the value of Y0 and Y1 is causally determined by some umbrella va-

riables X0 and X1:  

 Y1 = g1(X1) 

 Y0 = g0(X0) 

                                                      
20 Hawthorne effect was first noticed in a study of the productivity of workers under different environ-
mental conditions in the beginning of the 20th century. In a series of experiments that took place at the 
Hawthorne Works, researchers noted how workers reacted positively to treatments designed to constitute 
obstacles to productivity, such as poor lighting. The findings were later on attributed to the fact that 
workers reacted positively to the attention that they received from researchers, and the notion of Haw-
thorne effect was coined. 
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If we are evaluating a training program, and Y1 is the outcome attained by the partici-

pants, we may presume it to be determined by their previous education, age, etc. (X1). 

Participation in the program is determined in turn by another umbrella variable Z, with a 

set of values Ψ: 

 If ; otherwise D = 0 

For instance, participation may depend on certain values of income, employment, etc., 

all captured by Z. The collection of explanatory variables in the program assessment is 

thus C = (X0, X1, Z): the outcome depends on certain antecedent factors (captured by Xi) 

and on participation (Z). We usually do not have full information about C: the available 

information is represented by Ca. If we conduct an experiment to assess this program,  

we try to determine the joint probability distribution of Y1, Y0, D conditional of a partic-

ular value of Ca = ca.  

 F(y0, y1, d | ca)   

In order to make his first objection, Heckman suggests we should distinguish between 

regular participation in a program (captured by D) and participation in the program in 

an experimental regime, where participation is randomized. This is captured by a 

second variable D*. 

D* = 1 if the participant applied and accepted in a regime of random selection 

 D* = 0 otherwise. 

If p is the probability of being accepted in the program after randomization, the possibil-

ity of testing the program through  randomized tests depends on the following assump-

tion: 

 Pr(D = 1|c) = Pr(D*= 1|c, p) 

In other words, we need to assume that:  

(a) Randomization does not influence participation 

(b) If it does, the effect is the same for all the potential participants. 

(c) Or, if different, it does not influence their decision to take part in the pro-

gram.  

Heckman’s main objection is that randomization tends to eliminate risk-averse persons. 

This is only acceptable if risk aversion is an irrelevant trait for the outcome under inves-

tigation – i.e. it does not feature in C. However, even if irrelevant, it compels experi-

menters to deal with bigger pools of potential participants in order to meet the desired 
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sample size, so the exclusion of risk-averse subjects does not disrupt recruitment. But 

bigger pools may affect in turn the quality of the experiment, if it implies higher costs. 

One way or another, argues Heckman, randomization is not neutral regarding the results 

of the experiment. Let us now present the response of Duflo and her coauthors. 

According to Banerjee and Duflo, we can avoid Hawthorne effects if we either disguise 

or hide randomization. Both solutions are feasible in many programs if we are conduct-

ing the experiment in a developing country. As to the former, randomization can be dis-

guised as a lottery by which the scarce resources of the program are allocated. If the po-

tential participants perceive this lottery as fair, it may not dissuade them from taking 

part in it. The fairness of lotteries as allocating procedures can be certainly defended on 

theoretical grounds (Stone 2007) and we know there is empirical evidence about the ac-

ceptability of unequal outcomes when they come from a lottery perceived as fair (Bol-

ton et al. 2005). However, not everybody likes lotteries, even fair ones: e.g., there are 

surveys showing that people oppose the use of lotteries by colleges and universities in 

order to choose which students are admitted (Carnevale & Rose 2003)  

It is an empirical question to be solved on a case by case bases if disguising randomiza-

tion as a lottery influences participation. Banerjee and Duflo certainly acknowledge that 

even fair lotteries can provoke a Hawthorne effect depending on the way they are pre-

sented: if the participants in the control group are told that the experimental treatment 

will be available to them in the future (once the resources are gathered), this may affect 

their willingness to participate or their compliance. 

Hiding randomization from participants seems a more effective strategy. As Banerjee 

and Duflo observe, “ethics committees typically grant an exemption from full disclosure 

until the end-line survey is completed, at least when the fact of being studied in the con-

trol group does not present any risk to the subject” (2009, p. 20). Participants in the ex-

perimental group will not know how they got involved and those in the control group 

may never know they have been excluded. If these latter are in different villages, as it 

often happens in trials run in developing countries, they may not get to know about the 

experimental treatment. But, again, we need to verify they actually ignore it: as drug 

trials in developing countries illustrate, once access to experimental treatments becomes 

a politically contentious issue within the country, we cannot take ignorance for granted 

(Macklin 2004, Petryna 2009).  
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A minimum of cooperation is necessary in a trial. The participants in medical experi-

ments usually do not understand randomization well and they do not like it much (Fea-

therstone & Donovan 2002): their compliance is usually explained by their lack of al-

ternatives to get access to experimental treatments. But this is often depends on the so-

cial organization of the patients. The testing of early anti-AIDS treatments in the USA, 

documented by Epstein 1996, illustrates this point: the participants wanted to have ex-

perimental treatments and not placebos so they resorted to all sort of strategies to make 

sure they got the former, drawing on their connections in the gay activism networks. 

Many abstained from taking part in trials if they didn’t think the drug was promising 

enough (in order to remain “clean” and eligible for further tests); those who participated 

exchanged the pills between them (at the cost of halving the dose) or took them to inde-

pendent laboratories to verify the active principle. They simply collapsed the trial proto-

col. 

In social trials Hawthorne effects can still take place beyond the recruitment stage: 

people may behave differently if they realize in which group they are. In order to con-

trol for this post-randomization effects, Duflo, Glennerster and Kremer (2007) suggest 

two additional strategies. The first one is collecting longer run data, once the experiment 

is terminated, in order to verify whether the interaction with the experimenter was mak-

ing any difference in the behavior of the participants –e.g., Duflo and Hanna 2006.  

Depending on the experiment, we can also try to control for the mechanisms prompting 

the Hawthorne effects. We can create additional control groups in which we expose the 

participants to, e.g., the same type of interaction with the experimenter (in the presenta-

tion and administration of the treatment) as the experimental group. In a test of a sav-

ings program we have three groups: the experimental treatment (the new savings 

scheme), the control treatment (the regular savings scheme “administered” in ordinary 

conditions) and a third control group, in which the participants receive a marketing 

pitch of a standard savings scheme, similar to the one used with the experimental treat-

ment, in order to see whether the pitch per se had any effect. This strategy is most effec-

tive when there is an explicit interaction between the experimenter and the participants 

that we can reproduce independently of the actual treatment.   

However, these are just two possible controls on the behavior of the experimental sub-

ject, but the possibility of strategic interaction between experimenters and participants 

can never be ruled out. So far we have considered the question from the standpoint of 
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causality, but it also affects the impartiality of trials in development economics. As we 

saw in the previous two sections, when the conclusion of the experiment involves wins 

and losses to the parties concerned, it is crucial that it appears as a fair test for its results 

to be publicly accepted. In clinical trials randomization provides a warrant of fairness, 

but we saw that it is not enough to cope with the many biases that can emerge at the dif-

ferent stages of design and implementation of a trial. In social trials, randomization pro-

vides a cue for the participants to trump the impartiality of the test with their own deci-

sions, either for personal (“I cannot be bothered”) or political reasons (“I do not want 

this sort of policy implanted”). Randomization is thus not such a good warrant of impar-

tiality in development experiments. And, given the institutional organization of these 

trials, we may wonder if there is any.   

Randomized evaluations of development policies are still rare and the experimenters 

involved do not seem to be aware of all the potential sources of bias presented in table 

2. But they are clearly aware of the problems of credibility posed by their program as-

sessments, which are partly due to randomization. Organizing a lottery to distribute aid 

seems to be politically controversial for governments that are expected to serve an entire 

population. Duflo, Glennerster and Kremer (2007, p. 21). Government-sponsored pro-

grams are rare because it is difficult to attain the high level of political consensus re-

quired for a successful implementation. Without this consensus, randomized evaluations 

can be easily prey to the sort of manipulations described above. Non-governmental or-

ganizations are more active, because they are interested in finding the most efficient 

way of spending their (usually scarce) resources and they are comparatively free to 

choose where and how they distribute them. However, NGOs create their own Haw-

thorne effects: the culture of the organization implementing the assessment (e.g., the 

motivation of its employees) may impact on the participants’ reaction in a way difficult 

to replicate in further extensions of the program.   

NGOs (or for-profit organizations for that matter) have also a problem of credibility, not 

unlike the pharmaceutical industry: they usually have a stake in the programs they eva-

luate (Pritchett 2002). And randomization does not seem to be a good enough warrant of 

impartiality to convince governments that they can trust an assessment and implement it 

at a bigger scale. This is probably why Duflo and Kremer (2005, pp. 115-117) advocate 

the creation of a sort of international “regulatory agency” for development policies. In-

ternational organizations involved in development should establish an office with the 
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following mission. It should assess the “ability of the evaluation to deliver reliable 

causal estimates of the project’s impact” and “conduct credible evaluations in key areas 

(p.115).  

In other words, international organizations should provide the impartial expertise re-

quired to make the trials credible to the involved parties. Including an assessment of the 

potential Hawthorne effects prompted by randomization. This is probably the best solu-

tion and we think it should be implemented. However, it remains an open question why 

would the participants in the trial see the international organization as a neutral third 

party they can trust. Only if they do, we can be certain that the trials it sponsors are a 

credible source of knowledge about their target population.   
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