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Introduction 

It is meanwhile common wisdom that growth in developed economies depends crucially on 
innovation. Yet, free market economies would spend a suboptimal amount on research and 
development from a social point of view because of external effects and financial constraints. 
Responding to this market failure, policy makers in rich countries spend between 0.5 and 1% of 
GDP on R&D. A substantial part of this spending is devoted to subsidize R&D in the business sector 
(Figure 1). Despite a sound rationale for government intervention in the field of R&D, the question 
on the effects of innovation policies remains an empirical issue which has to be addressed in 
evaluation exercises.   

Figure 1 Government-financed gross expenditures on R&D (GERD) and direct and indirect government 
support for business expenditures on R&D (BERD) as a percentage of GDP 2008 or latest 
available 

 
Data: OECD. 

The amount of public spending and the high expectations associated with R&D activities to 
trigger economic growth and to address social challenges call for an increase and improvement of 
evaluation efforts in order to investigate whether certain policies meet their objectives (Link and 
Scott 2011, OECD 2011). Additionally, the limited growth prospects of the EU-countries as well as 
the necessity to reduce public debts in the medium term render evaluation of public spending on 
R&D and the associated decisions on efficient resource allocation even more important. However, 
traditional techniques of R&D program evaluation do not necessarily provide the rigorous results 
needed to inform policy makers on which of the tough choices they should make given certain 
criteria of efficiency and equity (Cornet and Webbink 2004, Jaffe 2002, Klette et al. 2000, Wallsten 
2000). From a scientific point of view, this is a highly unsatisfactory situation. As a result, we do not 
know to what extent a positive correlation between a policy measure and the outcome is actually 
causal or simply the result of confounding factors influencing outcome and program participation 
simultaneously.    
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Currently two avenues to improve this state of affairs are pursued: Firstly, better availability of 
survey data permits a range of non-experimental studies. The respective methodological literature 
has matured also in the field of R&D evaluation and there are now widely excepted and well-
understood techniques available (Cerulli 2010). Secondly, experimental studies have been 
suggested in the literature as another possibility (Schmidt 2007, Cornet and Webbink 2004). While 
the first approach clearly dominates the day-to-day practice of evaluation (but still has some 
limitations), this paper investigates the arguments for and against social experiments in the 
evaluation of public R&D programs. Experiments represent the most credible way to detect causal 
effects (Angrist and Pischke 2009). Yet, discussion and application of social experiments in the 
context of innovation policy is almost insignificant. Exemptions are e.g. Jaffe (2002), Cornet et al. 
(2006) and Brezis (2007). This result is also reflected by the fact that even comprehensive 
methodological compilations such as the EU’s RTD Evaluation Toolbox (2002) do not devote 
specific attention to social experiments.  

While the value of experiments is well understood in agricultural and social sciences for several 
decades, this paper investigates the argument for an application of experiments in R&D program 
evaluations. The main argument of the paper is that (selective) use of randomization is justified 
because it enables more credible estimations of causal policy effects and can improve outcomes of 
policy intervention due to a more “creative” project selection compared to traditional methods 
such as peer review. Besides applications of social experiments in the “real world”, it is still useful 
to consider the mechanisms that render experiments the most credible way of evaluation because 
most microeconometric approaches to program evaluation based on observational data try to 
emulate the experimental ideal in one or the other way.     

The paper proceeds as follows. Chapter 1 reviews briefly recent developments in the field of 
program evaluation, emphasizing the increased importance experimental designs in different 
branches of economics. Afterwards, the fundamental problem of causal inference (chapter 2) and 
the problem of selection bias (chapter 3) are discussed. Social experiments, presented in chapter 4, 
offer the possibility to solve the problem of selection bias. Section 5 argues that randomization 
could improve not only the validity of evaluations but also the return on public spending on R&D. 
An example of a social experiment in the field of R&D evaluations is discussed in chapter 6. The 
final section concludes with some remarks on the political economics of experimental evaluation.  
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1 The “credibility revolution” in empirical economic research 

Current microeconometric research in policy evaluation is the product of methodological 
developments in the last two to three decades.  Following Schmidt (2007, 3), “(…)one of the most 
important developments in the field of applied economics during the last decade has been the 
emergence of systemic policy evaluation, with its distinct focus on the establishment of causality.” 
Recently, Angrist and Pischke (2010, 4) summarize these developments with the term “credibility 
revolution”. According to them, “the primary engine driving improvement has been a focus on the 
quality of empirical research designs. (…) The advantages of a good research design are perhaps 
most easily apparent in research using random assignment.” Hence, the two main and strongly 
interwined features of the credibility revolution are the orientation of research designs along 
experimental settings and the quest for causality.  

One of the reasons for the increased popularization of the experimental ideal were the results 
published on in Lalonde (1986). Herein Lalonde compared the results of a non-experimental 
econometric evaluation of the “National Supported Work Demonstration” with those from a 
randomized trial. The main result was that econometric methods could not replicate experimental 
results and differed substantially from each other. Furthermore, Lalonde (1986) argued that 
standard techniques of model selection in econometrics are impropriate to detect the correct 
specification. Despite strong criticism e.g. by Heckman and Smith (1995), this study served as a 
justification to increase the application of social experiments, because they are generally believed 
to enable the deduction of causal results with the greatest validity possible (Angrist and Pischke 
2009). Advocates of social experiments claim that structural approaches, i.e. the econometric 
modeling of economic behavior in observational studies, have to make a number of arbitrary 
theoretical assumptions. Experiments are quite the opposite; they are somewhat “atheoretical” 
because they are only concerned with the research design (Keane 2010).  

Meanwhile two developments can be identified: Firstly, the enthusiasm with social experiments 
has a little bit faded following a more profound understanding that even experiments are based on 
certain, not testable assumptions. Secondly and concomitantly, the use of social experiments has 
spread from labor economics to development economics and other branches of economic policy 
research (Duflo et al. 2008). Generally, experiments are still the exception as an instrument for 
evaluation but those experiments that were conducted have been very influential. One of the most 
intriguing examples is the Perry Preschool-project in Michigan, 1962. Based on a well-designed 
social experiment, randomized assignment of 123 black preschoolers permitted the causal analysis 
of the effects of an early intervention program. The positive results provided the justification for 
the implementation of the so-called head start program, in 1964, that has served millions of 
American children (Angrist and Pischke 2009; Heckman and Masterov 2007).  

In the US, experiments are a much more accepted way to prove the effectiveness of certain policy 
interventions compared to Europe. Typically, they are applied in the fields of labor market- 
education and social policy. For example, the US Department of Education founded the Institute of 
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Education Sciences in 2002 with the primary aim to run social experiments in order to evaluate 
certain education policy measures. Its annual budget is about $700 million (Ludwig et al. 2011).  
Recent research applying an experimental design was mainly based on so called natural- or quasi-
experiments. These designs exploit sources of exogenous variation of the variable of interest 
generated by e.g. nature, policy interventions or other exogenous institutional set ups (Meyer 
1995). Contrary to the social experiment, this variation is not generated by random assignment. 
The most frequently applied techniques to analyze natural experiments rely on instrumental 
variables estimator or difference-in-differences estimators (Bauer et al. 2009). Applications of 
natural experiments in the evaluation of R&D programs are seldom (e.g. Wallsten (2000), Einiö 
(2009), Bauer and Grave (2011) and Blasio et al. (2011)). Yet, the simple but far reaching problem 
with natural experiments is that you have to find one. In reality, evaluations cannot be postponed 
until the evaluator detects one exogenous variation and for many programs there will never be a 
natural experiment available. Hence, this paper does not focus on natural experiments but on 
social experiments based on deliberate randomization of applicants into a treatment or control 
group.  

Randomization has been used in innovation economics for three different purposes. Firstly, 
experimental strategies are applied as a device to allocate public R&D subsidies (Brezis 2007). 
Secondly, the advantages of randomization have been exploited in the evaluation of R&D 
programs (Cornet et al. 2006). Thirdly and of rather minor importance, cases for evaluation have 
been randomized. The evaluation of the Australian R&D program “Grape and Wine Research and 
Development Corporation” followed this strategy. In total forty project clusters dedicated to 
research to upgrade the Australian wine industry were supported. The applied evaluation 
methodology of cost-benefit analysis was too expensive to evaluate every project cluster. Hence, 
three out of this forty project clusters were selected in a random way for the following evaluation 
(Econsearch 2008).  

The quest for answering causal questions is at the core of any serious policy evaluation. 
Without answering the question on the causal impact of a certain R&D program in a 
methodological sound way, any further investigations e.g. about the satisfaction of subsidy 
receivers with the program management, is only of minor value. Yet, establishing causality is also 
the most challenging part of any evaluation, so challenging that some scholars and evaluators even 
argue to abandon the strive for quantitative, empirically based research on causal program 
evaluation. Instead they argue in favor of qualitative case studies or more fundamental theoretical 
reasoning about the intervention logic of the respective program. Indeed, macroeconomists 
almost abandoned traditional empirical research in the favor of heavily theorized “computational 
experiments” (Angrist and Pischke 2010). Similarly, scholars of industrial organization abandoned 
more or less the task to quantify the implications of models of imperfect competition (Krugman 
1989). While these statements sound familiar to arguments in the discipline of innovation 
economics and evaluation studies, they are also increasingly recognized in empirical economics. 
Hence, beside these rather pessimistic views on the power of microeconometric methods and the 
possibility to answer causal questions via empirical research, the mainstream literature on 
program evaluation has progressed and developed a very useful formulation of the causal question 
in evaluation studies (Schmidt 2007). 
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2 The fundamental problem of causal inference 

The dominant framework used to address and analyze causal questions in program evaluations is 
the Rubin Causal Model (RCM) (e.g. Rubin 1974). The main ingredients are the (1) notion of 
potential outcomes and (2) the differentiation along several assignment rules, which determine 
the way the treated are selected into a program. Randomization is one of these assignments 
mechanisms.  

According to the concept of potential outcomes, an economic agent can either participate, Di = 
1, or not participate, Di = 0, in a R&D program. Hence, D represents a binary treatment indicator. In 
the following, it is assumed that the respective population i = 1,…,N represents firms. Hence, there 
are two potential outcomes, depending on the realization of Di. Assume that Y is a continuous 
variable that represents some outcome measure targeted by the R&D program, for simplicity we 
can think about as patent applications per time period. The realization of that variable under 
treatment is Yi(1), while it is Yi(0) if firm i does not receive public resources for certain R&D 
activities. Subtraction of the former from the latter potential outcome gives us the causal effect of 
the policy intervention on firm i, since the only difference between these two situations is the 
treatment:  

    ∆𝑖  =  𝑌𝑖 (1) − 𝑌𝑖 (0).                                                              (2.1) 

Equation (2.1) truly compares the comparable and there is no superior way to detect causality. 
Alas, this equation is not identified, because one of the two terms on the right hand side will never 
be realized, since a firm can either receive public R&D subsidies or not. Consequently, it is 
impossible to observe the effect of D on Y for economic agent i. After Holland (1986), this is labeled 
the “fundamental problem of causal inference”. Note, that even a social experiment cannot 
generate this missing observation. The actually realized outcome of the two potential outcomes is 
given by 

   𝑌𝑖  =  𝑌𝑖(1)𝐷𝑖 + 𝑌𝑖(0)(1 − 𝐷𝑖).                                                      (2.2) 

Wooldridge and Imbens (2009, 9) denote this difference between potential and actual realized 
outcomes as “the hallmark of modern statistical and econometric analysis of treatment effects” (). 
Models are developed for the potential and not for the realized outcomes. The impossibility to 
observe firms in both states of treatment, i.e. treated and non-treated, suggests that the core 
problem of causal questions is a problem of missing data. Another implication of (2.1) is that it is 
impossible to determine causal effects at the level of the individual economic agent. Accordingly, 
the necessity arises to find treatment parameters (∆) based certain averages. While there is a vast 
literature on different estimators of treatment effects summarized e.g. in Blundell and Costa Dias 
(2008), the more prominent estimators are the Average Treatment Effect (ATE), Average 
Treatment on the Treated (ATT) and the Local average Treatment Affect (LATE). We will consider 
only the ATT, which is probably the most frequently applied treatment estimator. The ATT is the 
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appropriate evaluation parameter if participation in the program is voluntary and there is no 
intention to treat the whole population of firms. It is given by1  

 𝐴𝑇𝑇 =  𝐸(𝑌𝑖(1)|𝐷𝑖  =  1) − 𝐸(𝑌𝑖(0)|𝐷𝑖  =  1).                                          (2.3) 

To keep things simple, we do not add exogenous control variables X to the conditionality term. 
We simple assume that the entire analysis is conditional in X, even without stating this explicitly. 
The ATT measures the mean effect of the program on the treated firms, i.e. it answers the 
question, if and by which scale public support causes an increase of patents under the treated 
firms. Note that this estimator assumes homogenous treatment effects of the program as well as 
no spillovers between treated and non-treated firms or other general equilibrium effects. 
Microeconometric program evaluation models are essentially built on the assumption of a partial 
equilibrium. This assumption might be a serious concern in innovation studies, since one of the 
main rationalities for public support for private R&D is the presence of positive spillovers from R&D 
activities (Klette et al. 2000).  

Considering (2.3), the problem of missing data arises again and the ATT is again not identified, 
because of the second term on the right hand side, E(Yi(0)|Di = 1). We will never know the 
innovative performance of treated firms, had they not been treated. That is why it is called the 
counterfactual. However, since we have replaced individual values as in (2.1) with expectations, 
i.e. averages, we are able to find observable substitutes.  

 

                                                        
1 E(Y|X = x) is the conditional expectation operator. It denotes the average of a random variable X given a certain value x of the 

random variable X. As an example, consider the interpretation of a classical linear regression model, Y = Xβ+ε. If the 
explanatory variables X are exogenous, then the regression can be interpreted as the conditional expectation of Y given X, 
E(Y|X) = Xβ.  
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3 The selection problem  

The fundamental evaluation problem has at its core a problem of missing data. Hence, the 
question arises as to how to find a substitute for those missing data. In other words, a so called 
identification assumption is needed to replace the counterfactual situation with empirically 
realized outcomes of firms belonging to a comparison group. Critically, identification assumption 
cannot be tested or proved; they have to be carefully argued. Without exceptions, every research 
strategy trying to estimate causal effects has to make some identification assumptions. That is why 
definite results are out of reach in policy evaluation and the social sciences in general (Bauer et al. 
2009, Schmidt 1999).    

This substitute has to fulfill two conditions: It has to be (1) observable to the researcher and (2) 
it should be a valid substitute for the counterfactual outcome for the treated. The first condition is 
the easier one to satisfy. Logical reasoning stipulates two basic ways to detect observable 
outcomes. Firstly, the cross-section estimator uses observations on non-participants to estimate 
the impact of the respective policy intervention. Secondly, the before-and-after comparison 
exploits time series data on the performance of participants. Yet, what makes things difficult is the 
second condition, which demands validity of the control group. In order to estimate the ATT, the 
naive approach would be to simply replace the counterfactual in (2.3), E(Yi(0)|Di = 1), with the 
outcome of the nonparticipants, E(Yi(0)|Di = 0), which is of course observable. Then we get 

∆ =  𝐸(𝑌𝑖(1)|𝐷𝑖  =  1) − 𝐸(𝑌𝑖(0)|𝐷𝑖  =  0)                                            (3.1) 

The potential problem with identification strategy (3.1) becomes evident if we add and subtract 
the counterfactual from (3.1) which gives  

      ∆ =  {𝐸(𝑌𝑖(1)|𝐷𝑖  =  1) − 𝐸(𝑌𝑖(0)|𝐷𝑖  =  1)} + {𝐸(𝑌𝑖(0)|𝐷𝑖  =  1) − 𝐸(𝑌𝑖(0)|𝐷𝑖  =  0)}        (3.2) 
      =  𝐴𝑇𝑇 + 𝐵                                                                       (3.3) 

(3.3) shows that the observed difference between treated and non-treated firms, ∆, equals in 
general not the ATT, the parameter we are interested in. The difference between the ATT and ∆ is 
given by the selection bias, B = {E(Yi(0)|Di = 1)- E(Yi(0)|Di = 1)}. The presence and magnitude of B 
reflects the failure we make if we replace the counterfactual with some observable substitute. This 
failure results from the selection processes into the treatment and non-treatment group which 
produces systemic differences between these two groups and renders simple comparisons invalid. 
The consequence of B≠0 is that we do not estimate the causal effect of the program but a mix of 
causal and confounding effects. Given the unobservability of the counterfactual, it is impossible to 
calculate the size of B.  

To estimate the ATT without selection bias, certain conditions have to be met. In the case of the 
cross-section estimator, the comparison group has to fulfill condition (3.4) 

 𝐸(𝑌𝑖(0)|𝐷 =  1) − 𝐸(𝑌𝑖(0)|𝐷 =  0)  =  0,                                        (3.4) 

while the before-after estimator necessitates the following equation to be true:  

 𝐸(𝑌𝑖(0)|𝐷 =  1, 𝑡 =  1) − 𝐸(𝑌𝑖(0)|𝐷 =  1, 𝑡 =  0)  =  0.                          (3.5) 

In the case of the before-after estimator, the counterfactual is replaced by the outcome of firm 
i before treatment (t = 0).  



WP 63 – The economics and some simple econometrics of randomized R&D-program evaluation 

 JOANNEUM RESEARCH – POLICIES - Zentrum für Wirtschafts- und Innovationsforschung 8 

How important is the phenomenon of the selection bias? Can we simple ignore it, because of its 
small size? Certainly not. Angrist and Pischke (2009) cite an example from health economics, 
demonstrating the danger of being ignorant to B. Let us assume that one has to evaluate the 
impact of hospital treatment on the health status of individuals. The evaluative question is: Do 
hospitals make people healthier? Following the example in Angrist and Pischke (2009), Table 1 
shows the data for individuals who stayed in hospital in the last year for at least one night, (D = 1), 
and for individuals who did not stay in hospital in the last year, (D = 0). The outcome measure is 
the mean health status, whereby 1 indicates poor health and 5 excellent health. This data structure 
corresponds to the situation of (3.1) and the respective identification rests on a cross-section 
estimator (3.4).   

Table 1 Do hospitals make people healthier? 

Group Sample Size Mean Health Status Standard Error 
Hospital (Treated) 7,774 3.21 0.014 
No Hospital (Non-Treated) 90,049 3.93 0.003 
National Health Interview Survey 2005, cited by Angrist and Pischke (2009) 

Analyzing the difference in means between the two groups in Table 1 gives us -0.72, a highly 
significant difference with a t-statistic of 58.9, indicating that going to hospital makes people sick. 
While there might be some explanations for this unexpected outcome, we should think about the 
possibility of the presence of a selection bias. Simple reasoning reveals that self-selection 
influences these results severely: Only sick people go to hospital, while healthy people do not. If 
sick people do not go to hospital, there might be a much larger negative difference in mean health 
status. Assuming that on average treatment in hospital impacts in a positive way on health status 
(ATT>0), which we cannot infer from the data in Table 1, and referring to the formulation in (3.3), it 
is clear that the positive treatment effect ATT is completely overshadowed by a large, negative 
selection bias, |B|>ATT. As a result, simple accounting strategies may deliver fundamentally 
misleading answers to questions on causal program effects.  

Being aware of the problem of selection bias, careful analysis will detect processes of non-
random selection nearly everywhere in society because economic agents are rational agents in the 
sense that they try to maximize some objective function. For example, Guadalupe et al. (2011) ask 
the research question why foreign owned firms are typically more productive than domestic-
owned ones. Traditionally, this is explained with knowledge spillovers from foreign firms that 
improve the productivity of domestic firms. Yet, the study from Guadalupe et al. (2011) suggests 
that the superiority of foreign-owned firms is largely due to selection effects. Foreign owned firms 
deliberately acquire equity of firms belonging to the most productive part of the productivity 
distribution of firms. This selection bias explains about two-thirds of the productivity premium 
associated with foreign-ownership.   

Which mechanisms can invalidate equations (3.1) or (3.2) in the case of R&D policy programs? 
Figure 1 shows a stylized representation of selection mechanisms and decision rules in the 
allocation process of R&D subsidies. Purposive program placement (selection stage 1) as well as 
self-selection of participants into the program (selection stage 2) produces potentially large 
differences in certain variables and expected outcomes between those two groups. These 
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selection mechanisms are further complicated in the case of R&D programs as compared to typical 
labor market programs, which serve typically as the main example in the microeconometrics of 
program evaluation. Additionally, program managers have introduced several, sometimes quite 
sophisticated selection mechanisms, to ensure that only projects with specific attributes and high 
chances for success are funded. A sophisticated selection by the funding agency is something very 
different from labor market programs and complicates R&D program evaluation substantially. 
Clarysse and Knockaert (2009) apply a Heckit-estimator to show that the factors determining 
application are different from those determining the granting decision.   

Figure 2 Stylized selection mechanisms and decision rules in the allocation of R&D-subsidies 

 
 

Empirical studies show that funding agencies follow a picking-the-winner strategy in their 
granting decisions (Canter and Kösters 2011). By doing so, speaking technically, they purposeful 
produce a selection bias, thereby hampering simple comparisons of participants and non-
participants in the R&D-program. As a result, it is simple not valid to attribute differences in some 
innovation outcome measure between these two groups solely to policy interventions. Given the 
granting strategy, supported firms are also those firms, who would have been the most successful 
even in the absence of funding. Hence, blunt comparisons and deduced treatment effects are 
almost certainly plagued by a positive bias, overestimating program effects and the power of 
policy makers to alter innovation behavior of the national business sector.   

Taken together, the discussion of the problem of missing data leads us to the problem of 
sample selection. Randomization provides a methodologically sound answer to this problem.  
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4 Randomization delivers more credible answers to casual 
questions – under certain conditions 

Social experiments derive their credibility from randomization. The allocation of treated and non-
treated firms into the treatment and control group respectively ensures that the only remaining 
difference in outcomes can be attributed to program participation. To state this more formally, 
consider again equation (3.1),  

  ∆ =  𝐸(𝑌𝑖(1)|𝐷𝑖  =  1) − 𝐸(𝑌𝑖(0)|𝐷𝑖  =  0).                                           (3.1) 

In order to solve the problem caused by selection bias, we introduce randomization at the stage of 
acceptance into a program. Hence, it holds tht  

𝐷𝑖  =  1,∀𝑖. 

The outcome of the randomization process is indicated by a dummy variable R. Ri  = 1 if firm i is 
randomized into the treatment group and Ri = 0 if the firm is randomized into the control group. As 
a result, we can substitute the not identified estimator of ATT in (3.1) with  

 ∆ =  𝐸(𝑌𝑖(1)|𝐷𝑖  =  1,𝑅𝑖  =  1) − 𝐸(𝑌𝑖(0)|𝐷𝑖  =  1,𝑅𝑖  =  0).                           (4.1) 
Randomization ensures that potential outcomes are independent of the assignment into the 
treatment or control group, i.e. it holds that 

  𝐸(𝑌𝑖(0)|𝐷𝑖  =  1,𝑅𝑖  =  1)  =  𝐸(𝑌𝑖(0)|𝐷𝑖  =  1,𝑅𝑖  =  0) 𝑎𝑛𝑑                          (4.2) 
  𝐸(𝑌𝑖(1)|𝐷𝑖  =  1,𝑅𝑖  =  1)  =  𝐸(𝑌𝑖(1)|𝐷𝑖  =  1,𝑅𝑖  =  0).                           (4.3) 

Independence between E(Y) and R allows us to simplify (4.1) to 

𝐴𝑇𝑇 =  𝐸(𝑌𝑖(1)|𝐷𝑖  =  1) − 𝐸(𝑌𝑖(0)|𝐷𝑖  =  1),                                (4.4) 

which is of course the definition of the average treatment effect on the treated (ATT) according to 
(2.3). It is noteworthy, that randomization induces a balance not only of observable characteristics 
between firms in the treatment and control group, but also of unobservable characteristics, such 
as management quality or project quality. Furthermore, any correlation between observed and 
unobserved characteristics is removed (Burtless 1995). 

Considering the advantages of randomization in the more common regression framework yields 
the following results. Assume that a naive researcher tries to estimate program effects with an 
ordinary least squares-estimator, specified as   

  𝑌𝑖  =  𝑥𝑖′𝛽 + 𝐷𝑖𝛿 + 𝜀𝑖,                                                         (4.5) 

where, as before, Y is some outcome measure, D is a binary treatment indicator, x is a vector of 
exogenous control variables and ε includes all variables that influence Y which are not controlled 
for in the regression equation with E(ε) = 0. The parameter of interest is δ, indicating the effect of 
the treatment. Ideally, δ measures nothing else but the effect of D changing from 0 to 1. 
Essentially, we would like to have a situation such that 

 𝐸(𝑌𝑖(1)|𝑥𝑖 ,𝐷𝑖  =  1)  =  𝑥𝑖′𝛽 + 𝐷𝑖𝛿 + 𝐸(𝜀𝑖|𝑥𝑖,𝐷𝑖  =  1)  𝑎𝑛𝑑                       (4.6) 
  𝐸(𝑌𝑖(0)|𝑥𝑖 ,𝐷𝑖  =  0)  =  𝑥𝑖′𝛽 + 𝐸(𝜀𝑖|𝑥𝑖,𝐷𝑖  =  0) .                                (4.7) 

Subtracting (4.7) from (4.6) gives  

                   𝐸(𝑌𝑖(1)|𝑥𝑖 ,𝐷𝑖  =  1) − 𝐸(𝑌𝑖(0)|𝑥𝑖 ,𝐷𝑖  =  0)  =                                 (4.8) 
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                     =  𝛿 + {𝐸(𝜀𝑖|𝑥𝑖 ,𝐷𝑖  =  1) −  𝐸(𝜀𝑖|𝑥𝑖 ,𝐷𝑖  =  0)},                 
where the term in curly brackets is the selection bias. Only if this term sums up to 0, we get an 
unbiased estimator of δ.2 Otherwise D is endogenous and our estimate biased and inconsistent.   

Selection bias in regression analysis results in a dependence between ε and D, such that E(ε|D) 
≠ 0 and Cov(ε, D) ≠ 0. But how can we be sure that δ does not measure something else, since we 
have not controlled for every possible variable, which are included in our error term ε? Traditional 
regression analysis suggests that unbiasedness requires E(εi|xi, Di  = 1)  = 0 and E(εi|xi, Di  = 0)  = 0. 
This is only ensured if ε and D are mean independent, because then it holds that E(εi|D)  = E(ε)  = 0. 
Yet, selection bias violates exactly this central assumption of regression analysis. For example, 
management or project quality are unobserved variables and hence part of the error term ε. If it is 
the case that higher management and project quality are positive correlated with the treatment 
variable, D, and if they have also a positive causal effect on the outcome variable, Y, then δ 
measures not only the causal program effect but also the effects of the omitted variables on Y. 
Heckman and Smith (1995) state a more subtle argument when they argue that randomization 
does not remove but balances selection biases between treatment and control group, such that 
E(εi|xi, Di  = 1)  = E(εi|xi, Di  = 0). Again, randomization solves this problem because it renders D 
independent of every observed and non-observed variable. If our randomized sample is large 
enough, we do not need to control for any variable, because treatment and control groups are 
balanced in every characteristic beside treatment status.  

Yet, despite these very strong and persuasive theoretical results, social experiments are fare 
from problem free and are increasingly criticized on validity grounds. According to Heckman et al. 
(1999:1899) it is now recognized, that “social experiments, like other evaluation methods, provide 
estimates of the parameters of interest only under certain behavioral and statistical assumptions.” 
Randomized trials can be questioned on grounds of internal validity and external validity. The 
former criterion refers to the question if the results of the experiments can be generalized to the 
population to which the participants in the social experiment belong. The latter criterion asks the 
question if the results can be generalized to other populations. For example, if the introduction of 
a new R&D policy program starts with a social experiment in one region, it should be asked, if the 
results of this pilot is representative for the respective pilot region and for the country as a whole. 
Probably this will not be the case.  

Two specific mechanisms stand out that might invalidate the external and/or internal validity of 
social experiments. Heckman and Smith (1995) elucidate that randomized control groups have to 
fulfill two assumptions to represent the true counterfactual outcome for the treatment group. 
These two assumptions can be stated as the absence of two specific biases, which may be present 
in experimental settings: Neither (1) “randomization bias” nor (2) “substitution bias” is present.  

The substitution bias can be a serious threat to the validity of social experiments especially in 
policy fields or countries where the number of policy programs is huge and substitution between 
them possible. Randomized-out firms may try to receive similar public support via other R&D 
support programs. As a result, the difference in outcomes between treatment and control group 

                                                        
2 For consistentcy the absence of correlation between ε and D, Cov(ε,D) = 0, is a sufficient condition.  
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cannot be attributed unambiguously to the program under consideration. Medical trails rely on 
double blind designs and placebos to avoid a substitution bias.  

Randomization bias refers to the situation in which the composition of the population 
participating in a program is a function of the assignment mechanism applied. For example, it 
might be the case that several firms object treatment assignment via randomization and do not 
apply under this regime, while under traditional peer review-based assignment they would apply 
for funds. Hence, the results of such an experiment are not representative for the business sector 
as a whole. If D denotes program participation under traditional assignment mechanisms and D* 
under random assignment, validity of the social experiment demands that  

(𝑌𝑖(1)|𝐷𝑖  =  1, )  =  𝐸(𝑌𝑖(10)|𝐷𝑖∗  =  1,𝑅𝑖  =  1) 𝑎𝑛𝑑                           (4.9) 
𝐸(𝑌𝑖(0)|𝐷𝑖  =  1, )  =  𝐸(𝑌𝑖(0)|𝐷𝑖∗  =  1,𝑅𝑖  =  0).                                 (4.10) 

Again, (4.9) and (4.10) are identification assumptions which cannot be tested in a formal statistical 
way.  

Finally social experiments may not recover the average treatment on the treated but a so called 
“intention-to-treat”- parameter. Randomized firms may not participate in the policy program out 
of several reasons that can be correlated with the expected gains from participation. Yet, the 
intention-to-treat analysis demands the use of every subject who was randomized according to 
randomized treatment assignment. Noncompliance and other deviations from the original 
randomized assignment are neglected. The results of an “intention-to-treat analysis” are of course 
different from the causal program effect. The argument in favor of this kind of analysis stems from 
medical trails and states is that “intention-to-treat”- parameters are useful because they reflect 
the utility of a treatment for clinical practice (LaValley 2003). Yet, given our motivation for 
randomized trials to estimate a causal average treatment effect on the treated this may not be a 
satisfactory answer.  
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5 Why randomization might trigger even a higher return from 
public spending on R&D 

Randomization has the potential to yield a double dividend: Firstly, it renders evaluations more 
credible, as demonstrated in the former sections. Secondly, it may improve project selection 
procedures of agencies and increase the social return of public R&D funding. “The use of formal 
randomization has become more widespread in the social sciences in recent years, sometimes as a 
formal design for an evaluation and sometimes as an acceptable way of allocating scare resources” 
(Wooldridge and Imbens 2009, 12). The argument in favor of randomized allocation is based on 
the critique of standard peer-review-decision-making processes, which produces several biases in 
the allocation of public funds.  

Peer review procedures can be criticized - inter alia - on the following reasons: 

• Conservative bias: Peer reviewers are prone to accept applications that confirm their 
theoretical or technical point of view. Because the composition of reviewers will resemble 
more or less a certain mainstream in the specific scientific of technological field, this will 
systematically prohibit the funding of innovative projects, which are by definition not part 
of any mainstream. They are fundamentally “new” in the sense of Schumpeter (2005). Yet, 
as pointed out recently by Acemoglu (2009), technological progress displays a suboptimal 
diversity in equilibrium (“too much conformity”) than it is optimal from a social point of 
view. This tendency might be fostered by a conservative bias in peer review decision 
making (see also Huang and Murray 2010).  

• Pretence-of-knowledge bias: There is an even more fundamental argument against the use 
of significant public resources to identify the usefulness and commercialization possibilities 
of innovations. Hayek (1974) argues in his nobel prize speech against the pretence of 
knowledge: “if man is not to do more harm than good in his efforts to improve the social 
order, he will have to learn that in this, as in all other fields, where essential complexity of 
an organized kind prevails, he cannot acquire the full knowledge which would make 
mastery of the events possible.” Thinking again about the work of Schumpeter, Hayek 
might have a point especially in the selection of innovative projects. To give two 
(provocative) examples mind the following two quotations (both are cited in Brezis 
2007:692): The first stems from the CEO of IBM, 50 years ago: “I think that the world 
market for computers is for no more than five computers.” The second quote stems from 
the commander of the allied forces in World War I: “Planes are a nice toy but with no 
military value.” Delegating certain allocations of funds to the mechanisms of chance, is, 
considered in this way, no abdication of human rationality but shows a deeper insight into 
it.  

• Risk-aversion bias: This bias is strongly interrelated with the conservative bias, but it 
deserves separate attention because some projects might be risky, even if they follow a 
well-known technological paradigm or sectorial-innovation patterns. Hence, funding of 
these projects might reproduce structural patterns. However, funding agencies are rather 
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risk averse economic agents. They try to fund those projects with the highest probability of 
success. Following Einiö (2009, 1), this is no optimal strategy even from a social point of 
view: “A major concern is that program managers may be encouraged to support projects 
with the best technical merits and the highest potential for commercial success. As these 
projects typically have high private returns they will be undertaken even in the absence of 
the support. In this case government support may induce only a little additional R&D if any 
at all.” In the same vein, Tichy (2009) argues for the case of Austria that it is almost certain, 
that most of the public funded R&D projects would have been conducted even without 
public subsidies. Linked to this argument is Tichy’s diagnosis that the typical subsidized 
project hardly contributes to any radical innovation; the majority aims at the advancement 
of already well-established technologies.  

Given these problems, randomization might improve on these peer-review-based outcomes. It will 
produce a wide variety of funded projects without any need to pretend knowledge on 
unknowledgeable things. Furthermore, there will be no adverse selection of risky projects and the 
funding agency could not be punished in the case of project failures, the almost natural outcome 
of funding risky innovation projects: “In all policy making one has to accept that mistakes are being 
made.” (Chaminade and Edquist 2010:111). Last but not least, chance is probably the cheapest 
way of allocating funds thereby raising efficiency levels of funding agencies.  

Of course, there is no need to abandon any valuation of projects entirely. One of the proposed 
randomization mechanisms suggests differentiating projects into three groups (Brezis 2007, Frey 
and Osterloh 2012): (1) projects which should be funded in any way, (2) projects which should be 
funded in no way and (3) projects which are in-between. If project quality follows a normal 
distribution, the latter group might well be the largest one. Randomization is only applied to this 
third group. This so called “focal randomization” was already applied for two years in the allocation 
of funds by the ISF (Israeli Science Foundation).  
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6 Evaluating the effectiveness of innovation vouchers with 
randomized treatment and control groups – the Dutch case 

To the best of my knowledge, the evaluation of the Dutch innovation voucher is the only R&D 
program evaluation based on a randomized assignment mechanism. conducted so far. In the 
following, the intervention and the evaluation design is described based on the Cornet et al. 
(2006).  

The aim of the innovation voucher scheme is to increase the interaction between small and 
medium sized enterprises (SMEs) and public research organizations (PROs). This meanwhile widely 
used policy addresses specific barriers for SMEs to search and use knowledge produced by public 
or research organizations. The Dutch innovation voucher is a credit note with which SMEs can 
commission an application oriented research question from a public research organization. It is 
worth 7,500 € and cannot be cashed-in. The innovation voucher scheme was launched in the form 
of a pilot scheme with 100 vouchers by the Ministry of Economic Affairs in 2004. Originally, the 
principle of allocation should be based on “first come, first serve”. But if the number of applicants 
exceeds the number of offered vouchers on a single day due to oversubscription, randomization in 
the form of a lottery is used instead to allocate limited resources. As 1,044 SMEs applied for 100 
vouchers on the first day the pilot scheme was launched in a first round in September 2004, a 
lottery was applied. As a result, the total of 1044 SMEs w randomly divided into a group of 100 
voucher winners and 944 voucher losers. In the language of experiments, the former serve as 
treatment while the latter as control group. This created the possibility for a rigorous estimation of 
treatment effects induced by innovation vouchers. Given the state of evaluative knowledge on the 
effectiveness of R&D policy in the Netherlands, summarized by Cornet et al. (2006:9) with the 
statement that “at the moment not much is known about the effectiveness of current Dutch 
innovation policy”, randomization seems to be a great progress towards in the strive for evidence-
based policy-making.  

The aim of the evaluation exercise undertaken by the CPB Netherlands Bureau for Economic 
Policy Analysis is to estimate the effectiveness of the program against its objective to intensify the 
interaction between SMEs and PROs. Hence, the central research question is: “What is the effect 
of the innovation voucher on the commissioning of assignments by small and medium-sized 
enterprises from public research institutions?” (Cornet et al. 2006:11). Effectiveness is measured 
by the difference in assignments between treated SMEs, i.e. voucher winners, and non-treated 
SMEs, i.e. voucher losers.  

Two data sources were used for the analysis. Firstly, the application form provides data on 
turnover, size (staff numbers), industry and region for treated and no-treated SMEs. The outcome 
variable is given by number of research assignments by treated and non-treated SMEs. Clearly, 
theoretical arguments suggest that the voucher scheme should have a positive effect on 
assignments. Information on this variable was collected via a telephone interview among a sample 
of treatment and control group. Out of the 1044 SMEs that applied for a voucher in September 
2004, 600 were asked to participate in a telephone interview in May 2005. The overall response 
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ratio was 52% and the number of respondents 313. 71 SMEs of the 313 have been allocated a 
voucher, 242 have not. As a result, the response ration amounted to 71% among voucher winners 
and 48% among voucher losers. Table 2 shows that 71 voucher winners commissioned 62 
assignments, while 242 voucher losers commissioned 20 assignments.  

Table 2 Descriptive Statistics of assignment commissioning from October 2004 to 31 December 2004 

Group Sample size Number of assignments 
Total number of firms 313 82 
Voucher winners 71 62 
Voucher losers 242 20 
Cornet et al. 2006 

As a result of randomization, neither any observable nor any unobservable variable should be 
different on average between treatment and control group. Indeed Cornet at al. (2006) indicate 
that observable characteristics do not differ in a significant way. The dependent variable of the 
estimated model is given by the probability of assignment, P(Y = 1). In order to facilitate the 
interpretation of the results, a linear probability model is used. As was already mentioned, the 
lottery balances any characteristic between the two groups and there is no necessity to include 
any control variables, which simplifies the analysis even further. The estimated model is given by  

 𝑃(𝑌𝑖  =  1|𝑋𝑖)  =  𝛼 + 𝛽𝐷𝑖 + 𝜀𝑖 ,                                                          (6.1) 

Where Xi is a vector with (1, Di)’. Randomization ensures that Cov (Dε) = 0, i.e. there is no 
correlation between any variable contained in the error term with the treatment indicator. 
Therefore β measures the increase in probability of assignment when D changes from 0 (no 
treatment) to 1 (treatment), ∂(P(Y = 1))/∂D. Table 3 shows the estimates from (6.1). The treatment 
variable has a positive and highly significant treatment effect. The size of the coefficient gives us 
the information, that receiving a voucher increases the probability of an assignment by 79% 
relative to voucher losers. Adding control variables does not change the results. More 
interestingly, they are all insignificant because of randomization.  

Table 3 Effect Estimation in the linear probability model  

 Estimate Standard error P-value 
Constant (α) 0.08 0.02 0.00 
Effect of the voucher (β) 0.79 0.04 0.00 
R² 0.57   
N                313   
Cornet et al. 2006 

Taken together, the results indicate a strong positive effect of the innovation voucher on the 
propensity of SMEs to interact with PROs. This effect can be interpreted in a causal manner, 
because randomization ensures that there are no other factors with explanatory power that might 
explain the difference between voucher winners and voucher losers.  

The external validity of this social experiment has to be questioned. Again, selection problems 
have to be considered. There might be a self-selection of innovative SMEs into the first pilot 
scheme and the 100 voucher winners and 944 voucher losers under consideration might differ 
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systematically from those SMEs which may apply for a voucher after the program is implemented 
economy wide. If this is the case, than the results stated above display a positive selection bias and 
the causal effects for the average SME in the Netherlands should be smaller than that for the 
average SME in this pilot scheme. However, the potential bias in participation due to random 
assignment (randomization bias), may be no point of serious concern, since the applicants could 
not know in advance which kind of assignment mechanism will be actually applied: first-come, first 
serve or lottery. Another potential bias comes from general equilibrium effects after economy-
wide introduction of the voucher scheme. For example, university researchers might pay more 
attention and scrutiny to the first 100 assignments by SMEs but they become bored or even 
annoyed when the number of strongly applied questions from SMEs increases over a longer time 
horizon.  
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7 Summary and remarks on the political economy of experimental 
evaluation 

Social experiments as built-in evaluation mechanisms are a seldom applied but very powerful 
evaluation method. However, increasingly scare public resources and the “credibility revolution” in 
econometrics triggered an increase of social experiments, especially in labor, education and 
development economics. While there are very few instances for randomized trials and 
experimental designs in innovation policy evaluation, there are some good arguments to rethink 
this situation. Several examples on the design of such experiments in the field of innovation policy 
are summarized in a study commissioned by Industry Canada and the Government of Canada 
(Social Research and Demonstration Corporation 2008). For example, one experiment addresses 
the difference in the relative marginal effectiveness of different policy instruments such as tax 
credits or R&D-grants, one of the most important issues for innovation policy makers. 

This article described the “fundamental problem of causal inference”, which renders simple 
accounting strategies as evaluation methods completely invalid. The core problem of missing data 
on counterfactual outcomes follows directly to issues described by the presence of sample 
selection bias as the main challenge that every serious evaluation has to address. It was 
demonstrated that randomization provides theoretically a perfect solution to this problem. Yet, 
substitution bias and randomization bias may hamper the internal and external validity of 
experiments.  

Besides the power of experiments to solve the sample selection problem, randomization can 
even improve the social rate of return on public R&D-spending due to an improvement of 
traditional allocation mechanisms. Peer review is plagued by three biases: A conservative bias, a 
pretence-of-knowledge bias and a risk-aversion bias. Some of these biases can be improved due to 
the selective application of randomization. It was also stressed that randomization is quite cheap 
compared to professional peer review processes.   

From a pure theoretical point of view it is questionable, why there are so few randomized trials, 
leaving the effectiveness of several state interventions a widely unknown question. There are of 
course ethical concerns, but one wonders why sick people in developed countries and absolute 
poor people in developing countries are more ‘qualified’ for randomized trials than e.g. firms (Jaffe 
2002, Wallsten 2000). A political economic explanation is necessary to shed light on this 
contradictory situation. Firstly, policy makers are reluctant to conduct social experiments because 
the results are so credible that a reinterpretation in their own favor is severely limited, at least 
compared to non-experimental results (Schmidt 2007). Secondly, a similar argument can be 
applied for program managers because current allocation procedures give them much more 
leeway (Giebe et al. 2006). Yet, giving up this power is obviously no way of utility maximization, as 
theories on the behavior of bureaucrats suggest.  
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