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Abstract 

R&D tax incentives are widely used to stimulate private R&D. We review their effectiveness using 

meta regression analysis. The literature mainly consists of two families of micro-econometric 

studies. The first family (16 studies with 82 estimates by the end of 2014) estimates the elasticity 

between the user cost of R&D capital and private R&D expenditure (stock or flow). Correlations 

between R&D expenditure and the presence of an R&D tax incentive scheme are provided by the 

second family (9 studies with 95 estimates). For both types of studies we find strong evidence of 

publication bias. After correcting for this, we find that a reduction in the user cost of capital of ten 

percent raises stock of R&D capital by 1.3 percent and flow of R&D expenditure by 2.1 percent.  For 

the second family we find that presence of a scheme is associated with seven percent more R&D 

expenditure. 
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1. Introduction 

In the past twenty years, tax incentives for research and development (R&D) have become a 

popular policy instrument in advanced economies. By the end of 2014, 26 out of 28 EU member 

states used R&D tax incentives (CPB et al., 2015). The aim of this policy instrument is to 

stimulate firms to invest more in research and development, which should result in more 

innovation, productivity and economic growth. In this paper, we perform a meta-regression 

analysis (MRA) 2 in order to obtain more insight into the effectiveness of R&D tax incentives in 

stimulating private R&D expenditures.3 We find robust evidence for the hypothesis that R&D tax 

incentives are effective. 

The generic nature of R&D tax incentives distinguishes them from R&D subsidies and other 

innovation policies. Tax incentives leave firms free to choose their R&D projects, allowing 

markets to select the most promising research projects. Tax incentives also have lower 

administrative costs for both governments and firms than other innovation policies. A drawback 

of R&D tax incentives is that they amplify the private returns to R&D regardless of the social 

returns, while the gap between private and social return can be substantial (Hall and Van 

Reenen, 2000).  

In our study, we consider two approaches to measure the effectiveness of R&D tax incentives. 

First, we study the structural relation between the user-cost of R&D (which includes R&D tax 

incentives) and R&D expenditure. We refer to this as the ‘structural approach’. Second, we study 

the direct impact of the presence of R&D tax incentives on R&D expenditure - the ‘direct 

approach’. For each approach we perform a separate meta-analysis.   

For the structural approach we find that a decrease in the user cost of R&D of ten percent 

increases the current (flow of) R&D expenditures by 2.1 percent. A ten percent decrease in user 

costs of R&D increases the stock of R&D capital by 1.3 percent. For the direct approach we find 

that the presence of R&D tax incentives is associated with an increase of roughly seven percent 

in R&D expenditure. All effects are corrected for publication bias.  

Publication bias occurs when researchers only present results that are considered plausible a 

priori or select results on their statistical significance (Stanley, 2008). The vast majority of meta-

studies on economic papers have found evidence of publication bias. In both strands of 

literature on the effectiveness of R&D tax incentives we find considerable publication bias: for 

the structural approach the uncorrected effects are 11.0 percent (flow) and 4.8 percent (stock) 

and for the direct approach the uncorrected effect is 58 percent.   

Each set of studies shows substantial heterogeneity in the reported estimates. The MRA for the 

structural approach indicates several sources of heterogeneity. First, studies that consider the 

flow of R&D expenditures report larger elasticities than studies that consider the stock of R&D 

capital. We also find a large effect of the publication status of the study. Recent published work 

provides smaller elasticities than both unpublished papers and older published articles. 

Moreover, studies published in more highly ranked working paper series or journals report 

                                                             
2 Meta-analysis is becoming more popular in economic sciences across many fields, see for example the 
special issues of the Journal of Economic Surveys, vol. 19, issue 3, 2005 and vol. 25, issue 2, 2011. 
3 Most of the literature focuses on the first-order effect, i.e. the effect of R&D tax incentives on R&D 
expenditure, since higher-order effects, like innovation and productivity growth, are hard to estimate. In 
the remainder of this paper, the ‘effectiveness of R&D tax incentives’ refers to the first-order effect. 
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larger elasticities. Given the limited number of studies and the large number of ways in which 

studies might differ, our results might be sensible to omitted-variable bias. However, tentative 

regressions with fixed and random study effects did not suggest bias. For the direct approach 

the MRA does not provide stable results on the effects of study characteristics, making it difficult 

to draw conclusions on the sources of variation between estimates.  

Our analysis relates to two other meta-studies on the effects of R&D tax incentives. First, Ientile 

and Mairesse (2009) provide a tentative meta-analysis summarizing the estimates of the bang-

for-the-buck (BFTB) from a sample of studies in the United States and Canada over thirty years.  

BFTB is a measure that shows how many euros of R&D are generated by one euro of forgone 

R&D tax revenue. They report that the number of estimates of a BFTB below one is 

approximately the same as the number of estimates above one; yet the BFTB has a tendency to 

increase over time with an annual rate of about 2.5 percent. Ientile and Mairesse also find 

indications of publication bias, which suggests inflated estimates. In our analysis we focus on 

estimates of elasticity with respect to user costs (the structural approach) or on estimates of the 

increase in R&D associated with the presence of a tax scheme (the direct approach). Given the 

fact that only few studies report BFTB estimates, this alternate focus allows us to study a larger 

number of estimates.  

Second, Castellacci and Lie (2015) perform a meta-regression analysis on R&D tax incentives 

with a focus on the difference in effectivity between industries. They show that high-tech 

companies respond less strongly to R&D tax incentives, while tax incentives have a higher than 

average impact on manufacturing firms. However, the estimated impact on high-tech companies 

hinges on a small number of estimates. The difference with our results for manufacturing firms 

stems from different sets of studies being analysed.4 Moreover, we use different variables in the 

MRA by including a dummy that indicates whether the result is obtained for a stock or a flow of 

R&D expenditures. Also, we add a different set of variables on the methodology of the study and 

include the publication status of the study. In line with our results, Castellacci and Lie find 

strong evidence for publication bias.   

The remainder of the paper is structured as follows. Section 2 provides an overview of the 

research on the impact of R&D tax incentives. The methodology of meta-analysis is presented in 

Section 3. Section 4 describes the data collection process and the final dataset. Section 5 

presents a preliminary analysis, followed by the results of the meta-regression analysis in 

Section 6. Robustness checks are presented in Section 7 and Section 8 concludes. 

2. Evaluations of R&D tax incentives 

 

Structural approach 

The structural approach is founded on an R&D investment model, in which R&D expenditure is 

explained through various company characteristics and a firm-specific R&D user-cost. The 

general model is 

                                                    𝑅𝐷𝑗𝑡 = 𝛿 +  𝛾 ∗ 𝑈𝐶𝑗𝑡 +  𝜃 ∗ 𝑋𝑗𝑡 + 휀𝑗𝑡     (1) 

                                                             
4 We found several (recent) studies that were not included by Castellacci and Lie. Also, some of the 
studies included by Castellacci and Lie did not exactly follow either the structural or the direct approach 
and were not included in our analysis. 
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where RDjt is the R&D expenditure for firm j at time t, UCjt is the R&D user-cost measure and Xjt 

summarizes firm-specific covariates. R&D expenditure can refer to the current expenditure on 

R&D (flow) or to the stock of R&D capital. The user cost of R&D capital services is normally 

defined as the costs of using a given stock of R&D investments and includes the depreciation of 

the R&D stock, financing costs, as well as the statutory tax obligations and, if data is available, 

the tax incentive (Hall and Van Reenen, 2000). The main coefficient of interest is γ, which 

measures the response of R&D expenditure to changes in the user cost. If the information about 

the R&D tax incentives has already been included in the user-cost variable, then the impact of 

R&D tax incentives is directly estimated. If the user-costs do not contain data on tax incentives, 

then the estimated effect can be used to infer what the effect would be if the user cost would 

decrease by the amount of the tax subsidy.  

The structural estimation approach has several advantages. First, specific information about the 

R&D tax incentives can be included in the analysis. Second, if panel data is available, then 

unobserved firm-specific characteristics can be accounted for by including firm fixed effects. 

Third, in case a dynamic specification has been estimated, short- and long-term effects can be 

measured, which is important given that the impact might take a longer period to materialize 

(Chirinko et al., 1999; Hall and Van Reenen, 2000; Mairesse and Mulkay, 2004). 

The main identification problem for the structural approach arises from reverse causality 

between the amount of R&D expenditure and the user-cost of R&D. In many countries the tax 

benefit that a firm receives depends directly on the amount of R&D in this firm. In the absence of 

a social experiment or suitable instrumental variable, some studies try to reduce this problem 

by controlling for lagged R&D expenditure and fixed firm effects using a dynamic panel data 

estimator (examples are Baghana and Mohnen (2009) and Harris et al. (2009)).5 

Direct approach 

With the direct approach the R&D expenditure of firm j at time t is explained by a function of 

relevant company observable characteristics (Xjt) and a variable indicating the presence of the 

tax incentive (Djt). In general, this gives  

                                                      𝑅𝐷𝑗𝑡 = ∝ + 𝛽 ∗ 𝐷𝑗𝑡 +  𝜑 ∗ 𝑋𝑗𝑡 + 휀𝑗𝑡   (2) 

where β estimates the impact of R&D tax incentives in the form of an incrementality ratio6 and 

shows how much additional R&D expenditure is induced by (the presence of) an R&D tax 

incentive. A downside to this approach is that it usually does not account for the design or size 

of the benefit that a firm receives. Therefore the estimates from this strand of literature are 

expected to be more diverse than the estimates originating from the structural approach. 

In the direct approach framework, the most basic estimation strategy is the dummy-variable 

regression technique. It regresses R&D expenditure on a number of R&D determinants, and 

assigns a dummy for R&D tax incentive usage (see Hægeland and Møen (2007) and Duguet 

(2012) for some examples). A weakness of this method is that R&D tax incentive usage is most 

likely not random, leading to a selection bias. 

                                                             
5 Dynamic panel data estimators apply the generalized method of moments estimator (GMM) in order to 
prevent correlation between fixed effects and lagged dependent variables (Arellano and Bond, 1991). 
6 In the literature this can also be referred to as “additionality ratio” or “treatment effect”  
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Several studies intend to avoid selection bias by using a matching technique. This involves 

creating a treatment and a control group consisting of firms that did and did not use the tax 

incentive but that have very similar observable characteristics (some recent examples are Yang 

et al. (2012); Yohei (2011); Corchuelo and Martínez-Ros (2009)).  

Another way to control for selection effects is to use a difference-in-differences method. This 

identification strategy compares outcomes between similar firms before and after a policy 

change that influenced only one group of firms. Studies usually exploit policy changes that 

impact the eligibility of support, for example, an introduction or an increase/decrease of ceilings 

of the R&D tax measure (Agrawal et al., 2014; Bozio et al., 2014; Hægeland and Møen, 2007).   

3. Methodology of meta-analysis 

The two main concerns in meta-analysis are excess heterogeneity and publication bias. Excess 

heterogeneity occurs when the variation in observed estimates is higher than expected based on 

the standard errors of the estimates.7 Excess heterogeneity might partly be explained by 

differences in study characteristics, e.g. methodology and sample characteristics. Publication 

bias is defined as bias that originates from results being suppressed in the literature. This 

occurs for instance if only significant and/or expected results are included in a paper, or if, due 

to unexpected results, the researchers decide not to write a paper at all.8 There are several tools 

to detect and correct for heterogeneity and publication bias. Overviews are given in e.g. Stanley 

(2005), Nelson and Kennedy (2009) and Kepes et al. (2012).  

A formal test for heterogeneity is provided by Cochran’s Q-test. The test statistic is the sum of 

squared errors from the regression 

𝑡𝑖𝑠 = 𝛼
1

𝑆𝐸𝑖𝑠
+ 𝑣𝑖𝑠   

In this regression tis is the t-value of estimate i from study s in the meta-analysis sample, that is, 

tis equals the ith  estimate of study s divided by SEis , the standard error of estimate i from study s. 

If there is no excess heterogeneity in the estimates, all the heterogeneity is captured in SEis and 

the error term vis has a variance equal to 1. In that case the sum of squared errors of the 

regression has a chi-square distribution with L-1 degrees of freedom, with L the number of 

estimates in the sample. 

A common method to detect the presence of publication bias is a visual inspection of a funnel 

plot. The funnel plot is a scatter plot of the estimates in the sample against the precision of the 

estimates as measured by 1/SEis. In the absence of publication bias the funnel plot should be 

symmetric, with a peak at the ‘true effect’. Publication bias, for instance a bias towards negative 

results, will show as asymmetry in the funnel plot. A visual inspection of the funnel plot is 

simple and intuitively appealing, but a weakness of this method is its subjectivity.  

                                                             
7 For a given standard error, one would expect that roughly 95 percent of the estimates deviate at most 
two standard errors from the mean estimate.  
8 Note that the fact that some working papers get better or more quickly published than others in itself 
does not lead to a bias in the meta-analysis, as long as all available working papers are included in the 
sample. 
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A more formal method to determine the amount of publication bias in the sample is the trim-

and-fill method. This method first removes the most extreme values from the funnel plot until 

the resulting plot is symmetric. In this procedure different definitions of symmetry can be used. 

Next, the ‘trimmed’ values are put back in the funnel plot, together with their ‘missing’ 

symmetric counterparts. The percentage of added values gives a measure of the amount of 

publication bias. Although this method is less subjective than a visual inspection of the funnel 

plot, it does not provide standard errors which would allow to test for the presence of 

publication bias.  

A formal test for the presence of publication bias is the FAT-PET method. The basis of this 

method is the regression    

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑖𝑠 =  𝛽0 + 𝛽1𝑆𝐸𝑖𝑠 + 휀𝑖𝑠                                                               (3)                                 

When publication bias is absent, the estimate does not depend on SEis and β1 is not significant. 

However, when there is publication bias the estimate does depend on SEis. For higher SEis the 

probability increases that the estimate is non-significant or of the ‘wrong’ sign and therefore not 

reported in the research results. When the expected effect is positive, publication bias will lead 

to a positive and significant β1 while a negative expected effect leads to a negative and 

significant β1. 

Regression (3) suffers from heteroskedasticity, since the variance of εis increases in SEis. To 

correct for this, WLS is used with a diagonal weight matrix with elements 1/VARis. This gives the 

regression    

𝑡𝑖𝑠 = 𝛽0 

1

𝑆𝐸𝑖𝑠
+  𝛽1 + 𝑣𝑖𝑠 .                                                                      (4) 

The Funnel Asymmetry Test (FAT) detects the presence of publication bias by testing the 

significance of β1 in regression (4). The Precision Estimate Test (PET) determines whether or 

not there is a significant ‘true’ effect by testing the significance of β0. The value of β0 is in general 

considered as the value of the ‘true’ effect, as β0 gives the size of an effect estimated with infinite 

precision (SEis equal to zero in equation (3)). 

The main weakness of all methods mentioned above is that they either only consider excess 

heterogeneity or only consider publication bias. However, it is known that the FAT-PET 

regression can give false significant results in the presence of excess heterogeneity (see e.g. 

Stanley (2008)). Excess heterogeneity can also affect the symmetry of the funnel plot, 

suggesting asymmetry even when publication bias is absent (see e.g. Terrin et al. (2003)). 

Therefore, the preferred method is an extension of the FAT-PET regression that corrects for 

heterogeneity by adding explanatory variables that are a likely source of heterogeneity. We will 

refer to this method as Meta Regression Analysis, or MRA.  

In Section 6 we use the regression    

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑖𝑠 =  𝛽0 + 𝛽1𝑉𝐴𝑅𝑖𝑠 + ∑ 𝛽𝑘𝑋𝑖𝑠𝑘

𝐾

𝑘=2

+ 휀𝑖𝑠                                                 (5) 
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as our main specification. In this regression, K-1 explanatory variables, Xis2 to XisK , are added.  

VARis is the variance of estimate i from study s. We use VARis to control for publication bias 

instead of SEis. Research has shown that when using SEis the estimated ‘true’ effect β0 is biased 

towards zero (Stanley and Doucouliagos, 2014). The bias is much smaller when the variance is 

used instead. As robustness check we also present the results when using SEis (see Section 7). 

The extent of publication bias might depend on the regressors Xisk. For instance, if the effect of 

tax incentives is weaker for manufacturing firms, it is likely that there is more publication bias 

in results based on manufacturing firms. Those results in general would be less significant and 

more likely to have the ‘wrong’ sign. To correct for this, interaction terms between the 

regressors and VARis should be added to equation (5). This, however, almost doubles the 

number of regressors, putting additional strain on a relatively small sample. We will therefore 

present the results of the regression without interaction terms. The full specification with all 

interaction terms included is presented in Section 7 as a robustness check.  

We use WLS to estimate equation (5). As before, we weigh by 1/VARis  to correct for the obvious 

heteroskedasticity in the data. We multiply the weights 1/VARis with 1/ns , where ns is the 

number of estimates from study s. This number ranges from 1 to 13 for the sample of structural 

estimates and from 1 to 24 for the sample of direct estimates. Estimates from the same study 

usually are based on the same dataset and are likely to be correlated. To prevent a 

disproportional effect from studies with many correlated estimates, we correct with 1/ns in the 

baseline regression. As a robustness check we also present the results of regressions with a 

correction factor (1/ns )2 and with no correction for the number of estimates per study.  

Nelson and Kennedy (2009), amongst others, suggest to correct for the number of estimates per 

study by using a panel data model or cluster-robust error terms instead of weighting by 1/ns. 

These methods explicitly take the correlation structure into account, while weighting is only 

optimal if the estimates from study s have a correlation close to one. On the other hand, panel 

data methods and cluster-robust error terms in general require more data than we have in our 

meta-analysis. We explore those methods in the section on robustness checks.   

Note that weighting by 1/VARis not only corrects for heteroskedasticity, but also provides a 

correction for publication bias. For higher VARis more estimates are missing, so the average 

estimate is more biased. In the WLS regression those biased estimates get less weight.   

4. Data  

To construct the dataset we electronically searched for both published and unpublished studies 

that assess the impact of R&D tax incentives on R&D expenditure. The key-words used were: 

“R&D tax incentives”, “R&D fiscal incentives”, “R&D tax credits”, “R&D tax subsidies”. We 

covered the standard databases and search engines, such as EBSCO Host; JSTOR; IDEAS; Science 

Direct; SAGE Journals Online; Emerald; Google Scholar and Google. We also examined the 

reference lists of the encountered evaluation studies and previously published literature 

reviews.9 

                                                             
9Castellaci and Lie (2015), Parsons and Phillips (2007), Ientile and Mairesse (2009), Hall and Van Reenen 

(2000) 



10 
 

We restricted our sample to more recent studies, using 1990 as cut-off year. These studies are 

more relevant with respect to the policies assessed and estimation techniques applied. Also, 

only those studies presenting sufficient information on standard errors or t-statistics were 

included. We chose to include all estimates reported, as far as they differ in terms of model 

specification, sample or methodology applied.  

To ensure comparability, meta-analysis can be applied only on those estimates that have 

identical interpretations. For the structural approach, we consider only estimates of elasticities 

of R&D expenditure with respect to the costs of R&D. In some studies the elasticities are 

estimated directly, while in other studies additional computations are performed to obtain 

elasticities.  

Studies that use the direct approach differ in which dependent variable they use in equation (2):  

the majority of studies uses the level of R&D expenditure in logs,10 but some estimates represent 

the effect on R&D growth, R&D intensity (expenditure over sales) or R&D level. As those 

different variables lead to different interpretations of the estimates, we considered only the 

estimates that measure the impact on log level of R&D expenditure. The estimates do not have a 

simple interpretation, but the transformation f(b)=(eb-1)*100 transforms the estimate b into 

the percentage change of R&D expenditure related to the existence of R&D tax incentives. 

 

Table 1. Summary of studies: Structural approach 

Reference 

Number of 

estimates 

(ns) 

Mean  

estimate 

Standard  

deviation of 

estimates 

Mean of  

standard errors 

( 1/ns  ∑i SEis) 

Agrawal et al. (2014) 10 -1.52 0.51 0.16 

Baghana and  Mohnen (2009) 8 -0.10 0.06 0.05 

Corchuelo Martínez-Azúa (2006) 5 -1.09 1.13 0.76 

Corchuelo and Martínez-Ros (2009) 6 -0.47 0.33 0.28 

Dagenais et al. (1997) 1 -0.07 - 0.04 

Hall (1993) 4 -1.76 0.79 0.53 

Harris et al. (2009) 2 -0.95 0.59 0.26 

Hines (1993) 8 -1.13 0.45 0.41 

Koga (2003) 6 -0.61 0.38 0.27 

Lokshin and Mohnen (2007) 10 -0.55 0.34 0.22 

Lokshin and Mohnen (2012) 6 -0.50 0.19 0.18 

Mulkay and Mairesse (2003) 6 -0.48 0.90 0.21 

Mulkay and Mairesse (2008) 2 -0.21 0.10 0.04 

Mulkay and Mairesse (2013) 5 -0.16 0.19 0.16 

Poot et al. (2003) 1 -0.11 - 0.02 

Wilson (2009) 2 -1.70 0.69 0.63 
 

                                                             
10 The direct studies in our sample only consider (changes in) flows and never analyze the impact on 
stocks of R&D. 



11 
 

Table 2. Summary of studies: Direct approach 

Reference 

Number of  
estimates 

(ns) 
Mean  

estimate 

Standard   
deviation of 

estimates 

Mean of stan-   
dard errors    

( 1/ns  ∑i SEis) 

Agrawal et al.  (2014) 4 0.13 0.04 0.03 

Bozio et al. (2014) 9 0.42 0.37 0.03 

Corchuelo and Martínez-Ros (2009) 18 0.66 0.19 0.40 

Dumont (2013) 8 0.04 0.02 0.01 

Ho (2006) 24 0.07 0.06 0.27 

Huang (2009) 3 0.14 0.06 0.06 

Hægeland and Møen (2007) 22 1.34 0.45 0.29 

Yang et al. (2012) 6 0.16 0.15 0.10 

Yohei (2011) 1 1.18 - 0.17 
 

Our final samples consist of 82 estimates for the structural approach (16 studies) and 95 

estimates (9 studies) for the direct approach.11 Tables 1 and 2 list the studies used in the meta-

analysis and provide an overview of their results. As expected, the studies that estimate a user 

cost elasticity show a negative mean estimate, while the studies that use a direct approach on 

average show positive estimates.   

The estimated effects of R&D tax incentives vary considerably across studies and within studies. 

The last column of Tables 1 and 2 gives the means of the reported standard errors SEis. For 

comparison, the fourth column gives the variation in observed estimates, calculated as the 

standard deviation of the estimates that are reported in study s.12 If there would be no excess 

heterogeneity, the mean of the reported standard errors SEis should have the same magnitude as 

the within-study standard deviation of the estimates. However, for most studies the spread in 

estimates within a study (column 4) is higher than the standard error of those estimates 

(column 5). This indicates that also within a study the variation in estimates is considerable. 

For the sample of estimates of the user-cost elasticity we add a dummy in equation (5) 

indicating whether the estimated elasticity refers to R&D stocks or R&D flows. We expect that 

estimates of stock elasticities are smaller than estimates of flow elasticities as stocks take longer 

to adjust to changes in the user costs of R&D than flows. Moreover, we add dummies in equation 

(5) to indicate whether the estimate is based on a (sub-)sample of small and medium sized 

enterprises (SME’s) or manufacturing firms, what the time horizon of the estimate is and 

whether the estimate is obtained using a dynamic panel regression model (GMM). Note that 

those dummies might vary within a study.  

We also include a dummy that indicates whether the study has been published in an academic 

journal. It might be expected that over time the refereeing process has shifted focus from the 

effect size to the quality of the econometric model. This would imply that older publications 

show larger and more significant elasticities than older working papers, while recent 

                                                             
11Two studies apply both a direct and a structural approach and are included in both samples 
12 Note that for studies which provide only one estimate, we cannot calculate a standard deviation of the 
reported estimates. 
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publications show smaller effects. To allow for this pattern, we include the age of published 

studies and the age of working papers (both ages normalized to between 0 and 1) as separate 

covariates. Finally, we include a normalized ranking of the journal or discussion paper series 

where the study has been published, using the RePec Simple Impact Factor for Working Paper 

Series and Journals. 

Table 3 illustrates how much heterogeneity is related to the variables mentioned above. In the 

table, the last column provides a weighted mean of the estimate of the user-cost elasticity, 

weighted by 1/(VARis*ns). Based on the weighted mean, it appears that the estimates for stock 

elasticities are slightly smaller (in absolute values). Also, effects from a static model are larger 

than long-run effects and short-run effects. Estimates based on dynamic panel regression 

models are stronger than estimates based on other techniques. Finally, published studies show 

smaller effects. 

For the sample of estimates based on the direct approach, we include dummies to indicate 

whether the estimate is obtained using a matching approach or difference in differences (diff-in-

diff). We also add a dummy to indicate whether lagged R&D expenditure is added as 

explanatory variable in model (2). As before, we add dummies to indicate whether the estimate 

is based on a (sub)sample of small and medium sized enterprises (SME’s) or manufacturing 

firms, and we add a dummy to indicate whether the estimate is based on a (sub-)sample of high-

tech firms.13 A dummy for the publication status of the study and the (normalized) ranking of 

the journal or working paper series is also included. We included both the age of unpublished 

and of published studies, but both variables led to multicollinearity problems. 

 

Table 3. Descriptive statistics: Structural approach 
     

Variable Value # estimates Unweighted mean of 
the estimates 

Weighted mean of 
the estimates 

All studies  82 -0.76 -0.15 

Stock 
0 37 -1.10 -0.20 
1 45 -0.48 -0.14 

SME 
0 77 -0.78 -0.15 
1 5 -0.39 -0.15 

Manufacturing 
0 54 -0.74 -0.16 

1 28 -0.80 -0.13 

Time horizon 
Short-run 23 -0.56 -0.13 
Long-run 23 -0.57 -0.11 

Static model 36 -1.01 -0.48 

GMM 
0 62 -0.71 -0.15 

1 20 -0.92 -0.25 

Published 
0 44 -0.82 -0.16 

1 38 -0.69 -0.11 

 

                                                             
13 For the sample of estimates of the user-cost elasticity we do not include dummies for lagged R&D and 
high-tech firms as those variables do not show enough variation to generate a reliable estimate. In the 
direct approach, only flows are considered. Also, long- and short-run estimates are never obtained.   
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Table 4 gives the descriptive statistics for the sample of estimates from the direct approach. 

Using the weighted mean (weighted by 1/(VARis*ns)) it seems that studies that use matching or 

diff-in-diff estimate larger effects. Also, the inclusion of lagged R&D increases the estimate. The 

type of firm (SME, manufacturing, high-tech) does not seem to significantly affect the estimates. 

Published studies show larger effects.  

5. Preliminary analysis 

Structural approach 

The average of the estimated user cost elasticity, weighted by 1/ns, is -0.71 and the average 

weighted by 1/(VARis * ns)  is -0.15. The sizable difference between the two weighted averages 

suggests the presence of publication bias.  

The Q-test for heterogeneity has a test statistic of 5042.04 (df=81, p=0.00), strongly indicating 

the presence of heterogeneity. The scatter plot in Figure 1 illustrates this as well. For standard 

errors between 0 and 0.2, the observed estimates range broadly between 0 and -2.8 and 

therefore show a much higher variation as would be expected based on the standard error 

alone. 

The scatter plot in Figure 1 also suggests the presence of publication bias. First, many estimates 

are only just significant at the five percent significance level. Second, from the plot it seems that 

most estimates are clustered between 0 and -1, with a substantial number of estimates even 

below -1. Estimates above 0 are almost absent. The same pattern is shown in the funnel plot in 

Figure 2. The most precise estimate are clustered between -0.5 and 0, with a long tail to the left 

and a missing tail on the right.    

 

Table 4. Descriptive statistics: Direct approach 
     

Variable Value # estimates Unweighted mean of the 
estimates 

Weighted mean of the 
estimates 

All studies  95 0.53 0.07 

Matching 
0 60 0.59 0.07 
1 35 0.41 0.90 

Diff-in-diff 
0 54 0.34 0.04 
1 41 0.77 0.13 

Lagged R&D 
0 70 0.67 0.07 
1 25 0.13 0.11 

SME 
0 81 0.52 0.07 
1 14 0.55 0.02 

Manufacturing 
0 61 0.75 0.07 
1 34 0.13 0.06 

High-tech 
0 79 0.60 0.07 
1 16 0.16 0.08 

Published 
0 66 0.28 0.06 
1 29 1.09 0.24 
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Figure 1: Scatter plot of the estimated user-cost elasticities

 

  

Figure 2: funnel plot of the estimated user-cost elasticities  
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Figure 3: funnel plot of the estimated user-cost elasticities after trim-and-fill

 

 

The trim-and-fill method confirms this observation. The method trims 36 observations, 

suggesting that 36 observations are missing in the data.14 Equivalently, 30.5 percent of the data 

is missing. The funnel plot resulting after the trim-and-fill procedure is displayed in Figure 3.  

The weighted average (with weights 1/ VARis ) of the estimates after the trim-and-fill procedure 

is  -0.12. Note that a weighted average with weights 1/(VARis * ns)) cannot be computed, as the 

filled estimates do not belong to an existing study.  

The FAT-PET regression (using VARis as independent variable and weights 1/(VARis * ns)) is 

specification (I) in Table 5. The variance has a negative and significant coefficient at a one 

percent significance level, again showing the presence of publication bias. The constant also is 

negative and significant at a one percent significance level. This shows there is a significant 

negative ‘true’ effect. Table 7 (Section 7) shows the FAT-PET regression when SEis is used 

instead of VARis. This gives similar results: both the constant and the coefficient on the standard 

error are negative and significant. 

Direct approach 

Figure 4 presents the estimates and corresponding standard errors originating from the direct 

approach. Note that both the estimates and the standard errors are more dispersed than in the 

indirect sample. This is most likely caused by the fact that the studies do not correct for the size 

of the tax incentive. The average of the estimates, weighted by 1/ns, is 0.46 and the average 

weighted by 1/(VARis * ns)  is  0.07. 

                                                             
14 We used trim-and-fill based on FE and a linear estimator. Using RE the trim-and-fill method trims 26 
observations (equivalently, the trim-and-fill method suggests 24.1 percent of the data is missing).  
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Figure 4: scatter plot of the direct estimates  

 

 

The Q-test for heterogeneity has a test statistic of 3666.41 (df=94, p=0.000), indicating 

substantial heterogeneity. This result is mainly driven by the estimates with small standard 

error that range roughly between 0 and 2.  

Concerning publication bias, Figure 4 shows that a slightly disproportional number of estimates 

is just significant at the five percent level. The funnel plot in Figure 5 also suggests the presence 

of publication bias as negative estimates are largely missing. The trim-and-fill procedure trims 

42 observations, suggesting that 30.7 percent of the data is missing. The filled funnel plot is 

shown in Figure 6. The weighted average (with weights 1/ VARis ) of the estimates after the 

trim-and-fill procedure is 0.04.   

Specification (I) in Table 6 gives the FAT-PET regression using VARis as independent variable 

and weights 1/(VARis * ns). The coefficient on the variance is positive and significant at a one 

percent significance level, indicating the presence of publication bias. The constant is positive 

and significant at a one percent significance level, indicating a significant positive ‘true’ effect. 

The FAT-PET regression when SEis is used instead of VARis  gives a coefficient of 4.59 (s.e. 0.73) 

for SEis and a constant of 0.00 (s.e. 0.01). As before, there is significant evidence of the presence 

of publication bias, but the constant is not significant. However, as mentioned before, this 

constant is biased towards zero (see Stanley and Doucouliagos (2014)).   
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Figure 5: funnel plot of the direct estimates 

 

 

Figure 6: funnel plot of the direct estimates after trim-and-fill 
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6. Meta-regression 

Structural approach 

Table 5 presents the results of the meta-regression on the sample of studies that use a 

structural approach. There is significant publication bias as the variance has a negative and 

significant coefficient. However, specification (IV) shows that the inclusion of the variance as 

explanatory variable has only a minor impact on the other variables in the regression. Because 

of the weighting with 1/(ns*VARi), the influence of the correction for publication bias is limited.   

The variables that measure the status of a publication are included in model (III). The 

coefficients related to whether a study has been published in a journal and the impact ranking 

are highly significant. Also, the age of published studies has a significant coefficient. Together 

those variables explain a large part of the heterogeneity among studies: their inclusion 

increases the (adjusted) R-squared from 0.17 to 0.74.  

 

Table 5: Meta regression results for the user-cost elasticity  

   (I)a   (II)   (III)   (IV) 
Constant -0.15*** -0.11*** -0.23*** -0.22*** 

 
(0.02) (0.00) (0.06) (0.06) 

Variance -4.08*** -3.40*** -2.26*** 
 

 
(0.62) (0.86) (0.62) 

 Stock 
 

-0.03*** 0.08** 0.08** 

  
(0.00) (0.03) (0.03) 

SME 
 

0.11 0.01 0.00 

  
(0.09) (0.08) (0.08) 

Manufacturing 
 

0.11*** 0.24 0.32* 

  
(0.03) (0.12) (0.14) 

Static specification 
 

-0.35 -0.03 -0.04 

  
(0.32) (0.04) (0.04) 

Long-run time horizon 
 

0.07 0.04 0.02 

  
(0.04) (0.07) (0.07) 

GMM 
 

-0.20* -0.10 -0.11 

  
(0.08) (0.08) (0.08) 

Published 
  

0.53*** 0.58*** 

   
(0.13) (0.14) 

Age of working paper 
  

0.22* 0.21 

   
(0.11) (0.11) 

Age of publication 
  

-1.38** -1.84** 

   
(0.49) (0.59) 

Impact ranking 
  

-1.14*** -1.16*** 

   
(0.26) (0.26) 

N  82  82  82  82 
Adjusted R2  0.05  0.17  0.74  0.72 
True elasticity (flow) 

-0.15*** 
(0.02) 

-0.13*** -0.21*** -0.21*** 

 
(0.02) (0.02) (0.02) 

True elasticity (stock) -0.16*** -0.13*** -0.13*** 
 

 
(0.02) (0.01) (0.01) 

Notes: Robust standard errors in parenthesis; * p<0.1; ** p<0.05; *** p<0.01; a As model (I) does not 
include the stock dummy, the true elasticity is pooled over flow and stock.  
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When controlling for publication status, the constant changes from -0.11 to -0.23. This does not 

imply that the “true effect” of R&D tax incentives has doubled: the added controls have a non-

zero mean, such that the interpretation of the constant in (II) differs from that in (III). For 

several other variables the coefficients also change after controlling for publication status. As 

the publication status appears to be highly relevant, we prefer specification (III) over 

specification (II). 

Whether R&D expenditures are measured as a stock or a flow significantly affects the user-cost 

elasticity. As expected, estimates that are based on a stock of R&D show smaller elasticities than 

estimates that are based on R&D flow.   

Studies that focus on SME’s do not differ significantly from other studies. The coefficient on the 

manufacturing dummy is positive and significant in model (II), but the effect of manufacturing 

disappears once we control for publication factors. Of the variables concerning the methodology 

of the study (static specification, long-run time horizon, GMM), none is significant.  

The variables ‘Published’, ‘Age of working paper’, ‘Age of publication’ and ‘Impact ranking’ are 

measured at the study level. Since the sample consists of 16 studies, the size of the coefficients is 

quite sensitive to outliers. Nevertheless, the coefficients on ‘Published’, ‘Age of publication’ and 

‘Impact ranking’ are significant. The impact ranking has a negative effect, indicating that studies 

with large elasticities are more likely to get published in higher ranked outlets. 

The variable ‘Age of publication’ is an interaction term, which is zero for working papers, and is 

the (normalized) age of published studies. The total effect of a study being published therefore 

is a combination of the coefficients for ‘Published’ and ‘Age of publication’. The coefficient of 

‘Published’ suggests that recent publications provide smaller elasticities than recent working 

papers. For older publications this effect reverses: older publications provide larger elasticities 

than older working papers, and also provide larger elasticities than recent publications. This 

might reflect that over time the size of the coefficient has become less relevant in the referee 

process and correction for endogeneity has gained importance.15   

The bottom rows in Table 5 give the average estimated elasticities, corrected for publication 

bias, both for R&D flow and for stock of R&D. To calculate the ‘true elasticity for R&D flow’, for 

each estimate in the meta-analysis sample a prediction is calculated, setting the variance equal 

to zero, setting the stock dummy equal to zero and setting the other covariates equal to their 

original value corresponding to that estimate. The reported ‘true elasticity’ is the weighted 

average of those predictions, weighting by 1/(VARis * ns). The ‘true elasticity for stock of R&D’ is 

calculated similarly, by setting the variance equal to zero and setting the stock dummy equal to 

one and setting the other covariates to their original values. Note that specification (I) does not 

include the stock dummy and therefore reports a ‘true elasticity’ that is calculated by only 

setting the variance equal to zero.  

                                                             
15 Note that one of the working papers dates from 2014 (Agrawal et al., 2014). This paper most likely has 
not yet been through a referee process. As robustness check we estimated model (III) with Agrawal et al. 
(2014) coded as ‘published in 2014’. This did not lead to major changes in the results. 
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The results show a significant overall effect of tax incentives. Using specification (III), a 1 

percent decrease in user-costs of R&D increases the R&D flow by 0.21 percent and increases the 

R&D stock by 0.13 percent. The magnitude of this publication-bias-corrected elasticity is 

substantially smaller than the mean elasticity (weighted by 1/ns), which is -0.71.  

Direct approach 

Table 6 presents the results from a meta-regression analysis on the sample of studies that use a 

direct approach. The variable ‘manufacturing’ is multicollinear with the variable ‘age of working 

paper’. Therefore, we leave out the variable ‘age of working paper’ in specification (III) and 

leave out the variable ‘manufacturing’ in specification (IV). Adding a variable ‘age of publication’ 

to the regression is not feasible as there are only three published studies in the sample. The last 

column of Table 6 presents the results when the standard error is included in the regression 

instead of the variance. 

 

Table 6: Meta regression results for the direct approach 

Model I II III IV V 

Constant 0.06*** 0.04*** 0.04*** 0.07** -0.01 

 (0.01) (0.01) (0.01) (0.03) (0.11) 

Variance 7.77*** 3.47** 3.60*** 3.71***  

 (2.27) (1.45) (1.11) (1.11)  
Standard error     5.42*** 

     (0.96) 

SME  -0.10** -0.11** -0.09** -0.18*** 

  (0.04) (0.05) (0.04) (0.05) 

Manufacturing   -0.06 -0.08  -0.09 

  (0.06) (0.09)  (0.06) 

High-tech   -0.02 -0.01 0.01 -0.01 

  (0.04) (0.07) (0.06) (0.05) 

Lagged R&D  0.11* -0.08 -0.12 -0.26** 

  (0.06) (0.19) (0.18) (0.12) 

Matching estimator  0.68** 0.52*** 0.57*** -0.31 

  (0.31) (0.20) (0.20) (0.28) 

Difference-in-differences  0.11** 0.15 0.15 0.11 

  (0.05) (0.11) (0.11) (0.09) 

Published   0.31* 0.23 0.30*** 

   (0.16) (0.17) (0.10) 

Impact ranking   -0.08 -0.10 -0.11 

   (0.11) (0.12) (0.10) 

Age of working paper    -0.14  
    (0.12)  
Adjusted R2 0.06 0.16 0.20 0.21 0.38 

N 95 95 95 95 95 

True effect 0.06*** 0.07*** 0.07*** 0.07*** -0.01 

 (0.01) (0.01) (0.01) (0.01) (0.01) 

Notes: Robust standard errors in parenthesis; * p<0.1; ** p<0.05; *** p<0.01 
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All specifications show significant publication bias as the coefficient on the variance or standard 

error is always positive and significant. Studies that focus on SME’s have significantly lower 

estimates. Studies that focus on manufacturing firms also show lower estimates, but this result 

is not significant. High-tech firms do not differ from general firms. 

The variables to control for the method of the study (lagged R&D, matching estimator, 

difference-in-differences) do not show a consistent pattern. Especially when the variance is 

replaced by the standard error, the results change drastically. Hence, we are not able to draw 

conclusions on the study method.  

The variables that control for the publication status of the study add slightly to the (adjusted) R-

Squared. Published studies show larger results and the impact ranking is not significant. Adding 

the age of the working paper to the specification makes all three variables insignificant. This 

might be caused by the fact that there are only nine studies in this sample, which is a too small 

base for a thorough analysis of a publication effect. 

Using specification (III), the publication bias adjusted overall effect of a tax incentive is 

estimated at 0.07. This translates to a seven percent increase in R&D when firms are eligible for 

a tax incentive. Models (I), (II) and (IV) give similar results. Model (V) gives a smaller result as a 

specification with the standard error instead of the variance underestimates the constant 

(Stanley and Doucouliagos, 2014). The magnitude of the corrected effect in models (I)-(IV) is 

substantially smaller than the mean effect weighted by 1/ns, which is 0.46 or a 58 percent 

increase in R&D when firms are eligible for a tax incentive.  

7. Robustness analysis 

This section analyzes the robustness of the results for the structural approach. The results in 

Section 6 already indicate that the sample with the direct approach does not give robust results. 

Therefore, most of the robustness checks presented in this section are not relevant for this 

sample. 

Our first robustness check is to include a dummy that indicates for each study which estimates 

are preferred by the authors of that study. The coefficient of the dummy shows that the 

preferred estimates do not differ significantly from the non-preferred estimates. Also, the 

coefficients on the other covariates and the estimates on the ‘true elasticities’ do not 

qualitatively change.  

As a second robustness check, we include interaction terms between the explanatory variables 

and the variance. As the interaction terms are most relevant for those regressors that are 

significant, in model (II) we only include the interaction terms between the variance and the 

variables ‘stock’, ‘published’, ‘age of publication’, ‘age of working paper’ and ‘ranking’. The 

highest VIF value of this regression is 23, indicating substantial multicollinearity.16 The main 

results are robust to the inclusion of the interaction terms, although the coefficient on the 

variance is not significant anymore. This might be due to collinearity problems. When all 

interaction terms are included (model (III)) the highest VIF value increases to 70. Despite this, 

the main results still hold in this regression. 

                                                             
16 The Variance Inflation Factor (VIF) indicates the severity of multicollinearity on a scale from 1 to 
infinity. If all variables are orthogonal the VIF equals one. A common rule of thumb is that 
multicollinearity is problematic if the VIF is larger than ten.  
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Table 7: Alternative specifications (structural approach) 

    (I)    (II)    (III)    (IV)a    (V) 
Constant -0.42** -0.22*** -0.18*** -0.10*** -0.21*** 

 
(0.14) (0.06) (0.04) (0.02) (0.05) 

Variance -2.35*** -2.99 -13.31** 
  

 
(0.61) (2.10) (4.82) 

  Standard error 
   

-2.63*** -2.12*** 

    
(0.44) (0.36) 

Stock 0.11** 0.08* 0.07* 
 

0.07* 

 
(0.04) (0.03) (0.02) 

 
(0.03) 

SME 0.02 0.01 0.01 
 

0.02 

 
(0.08) (0.08) (0.08) 

 
(0.07) 

Manufacturing 0.22 0.25 0.26 
 

0.18 

 
(0.11) (0.15) (0.15) 

 
(0.09) 

Static specification -0.08 -0.03 -0.01 
 

0.02 

 
(0.05) (0.04) (0.03) 

 
(0.03) 

Long-run time horizon 0.04 0.05 0.06 
 

0.12* 

 
(0.07) (0.08) (0.08) 

 
(0.06) 

GMM -0.17 -0.09 -0.10 
 

-0.05 

 
(0.09) (0.08) (0.08) 

 
(0.06) 

Published 0.62*** 0.54*** 0.52*** 
 

0.48*** 

 
(0.14) (0.14) (0.15) 

 
(0.11) 

Age of working paper 0.42* 0.20 0.14 
 

0.26** 

 
(0.18) (0.11) (0.08) 

 
(0.10) 

Age of publication -1.30** -1.41* -1.36* 
 

-0.85* 

 
(0.43) (0.65) (0.61) 

 
(0.40) 

Impact ranking -0.92*** -1.16*** -1.22*** 
 

-1.11*** 

 
(0.27) (0.30) (0.33) 

 
(0.25) 

Preferred estimate 0.08 
    

 
(0.04) 

    Stock*VAR 
 

-2.71 0.82 
  

  
(1.49) (2.66) 

  Published*VAR 
 

-0.06 1.39 
  

  
(2.66) (5.03) 

  Age working paper*VAR 
 

2.83 12.47 
  

  
(3.23) (8.97) 

  Age of publication*VAR 
 

2.14 13.36* 
  

  
(2.04) (6.00) 

  Ranking*VAR 
 

0.47 3.20 
  

  
(2.29) (3.67) 

  SME*VAR 
  

0.24 
  

   
(1.61) 

  Manufacturing*VAR 
  

-8.22* 
  

   
(4.01) 

  Static*VAR 
  

5.14 
  

   
(3.74) 

  Long run*VAR 
  

2.57 
  

   
(3.12) 

  GMM*VAR 
  

4.31 
  

   
(4.43) 

  N  82  82  82  82  82 
Adjusted R2  0.74  0.73  0.72  0.12  0.77 
True elasticity (flow) -0.23*** -0.21*** -0.19*** 

-0.10*** 
(0.02) 

-0.16*** 
 (0.03) (0.03) (0.02) (0.03) 

True elasticity (stock) -0.12*** -0.13*** -0.12*** -0.09*** 
 (0.01) (0.01) (0.01) 

 
(0.01) 

Notes: Robust standard errors in parenthesis; * p<0.1; ** p<0.05; *** p<0.01; a As model (IV) does not 
include the stock dummy, the true elasticity is pooled over flow and stock. 
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The last two columns in Table 7 show the results of the meta-regression when the standard 

error instead of the variance is used to correct for publication bias. The results on the covariates 

are robust to the change in the correction for publication bias.  The estimated ‘true’ elasticities 

are smaller. This can be explained by the fact that a regression with the standard error instead 

of the variance has a constant that is biased towards zero (Stanley and Doucouliagos, 2014).  

 

The meta-regression in Section 6 uses 1/(VARis ns) as weight. Table 8, columns one and two, 

shows the results when instead weights 1/VARis or 1/(VARis (ns )2) are used. The results are 

largely robust to this change in weights. For weight 1/VARis the estimated ‘true’ elasticities are 

larger than in the main model while for weight 1/(VARis (ns )2) the estimated ‘true’ elasticities 

are smaller. This might be related to the fact that there are some studies with a small ns and 

small estimates. When weighting with 1/(VARis (ns )2) those studies get a bigger relative weight. 

The third column of Table 8 presents the results of a weighted regression with cluster-robust 

standard errors. The clusters here are the different studies s. Because now the cluster-robust 

standard errors correct for the correlation between estimates from the same study, we do not 

use the correction of 1/ns, but instead weigh with 1/VAR.  As the number of cluster is small, the 

estimated standard errors could be biased. The estimates again are similar to the estimates of 

the main model in Section 6. 

Another option to correct for the correlation between estimates from the same study is to use a 

panel data model. The fourth column in Table 8 shows the results of a fixed effects model (with 

weights 1/VARis). Note that some variables, like the impact ranking, are not included in this 

model, since these variables are constant over each study. Moreover, two studies with a single 

observation per study are removed from the dataset. Study-level constants are not reported.  

The standard errors of the estimated coefficients are higher than in the main specification in 

Section 6. Since the fixed effects model uses 13 study-specific constants, and exploits only 

within-study variance, the higher standard errors are not unexpected. The estimates themselves 

have the same order of magnitude as in the main specification, but the higher standard errors 

cause a decrease in significance. 

The last column in Table 8 presents the results of a random effects model with weights 1/VARis. 

As with the fixed effects model, the estimates have the same sign and order of magnitude as in 

the main specification, but the standard errors are higher, leading to less significant coefficients. 

The random effects model needs to estimate a considerable higher number of parameters, while 

the number of observations (82 estimates) is limited. 
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Table 8: Alternative regression techniques (structural approach) 

 

Weight 
1/VAR 

Weight 
1/(VAR*n2) 

Cluster-
robust 

FE RE 

Constant -0.24*** -0.23*** -0.24** 
 

-0.23 

 
(0.07) (0.06) (0.07) 

 
(0.21) 

Variance -2.13** -2.43*** -2.13** -2.00 -2.08 

 
(0.67) (0.61) (0.62) (1.79) (1.48) 

Stock 0.06* 0.08** 0.06* 0.07 0.07 

 
(0.03) (0.03) (0.02) (1.00) (0.11) 

SME -0.04 0.13 -0.04 -0.05 -0.05 

 
(0.05) (0.11) (0.05) (0.16) (0.16) 

Manufacturing 0.32** 0.10 0.32 
 

0.25 

 
(0.12) (0.14) (0.16) 

 
(0.27) 

Static specification -0.11 -0.01 -0.11 
 

-0.06 

 
(0.09) (0.03) (0.09) 

 
(0.21) 

Long-run time horizon 0.04 -0.01 0.04 -0.04 -0.01 

 
(0.06) (0.08) (0.07) (0.10) (0.10) 

GMM -0.06 -0.19 -0.06 -0.05 -0.06 

 
(0.05) (0.12) (0.04) (0.09) (0.09) 

Published 0.54*** 0.56*** 0.54** 
 

0.58* 

 
(0.14) (0.14) (0.15) 

 
(0.23) 

Age of working paper 0.23 0.23 0.23 
 

0.23 

 
(0.12) (0.12) (0.13) 

 
(0.34) 

Age of publication -1.61** -1.05* -1.61* 
 

-1.54 

 
(0.53) (0.42) (0.59) 

 
(1.20) 

Impact ranking -1.08*** -1.10*** -1.08*** 
 

-1.11*** 

 
(0.27) (0.26) (0.13) 

 
(0.33) 

N  82  82  82  80  82 
Adjusted R2  0.76  0.71  0.76 

  True elasticity (flow) -0.26*** -0.17*** -0.26*** 
   (0.04) (0.02) (0.01) 

  True elasticity (stock) -0.20*** -0.09*** -0.20*** 
   (0.02) (0.01) (0.02) 

  Notes: Standard errors in parenthesis; robust standard errors for first two models; * p<0.1; ** p<0.05; *** 
p<0.01 

 

For the sample of studies on direct effects we find that weighting by 1/VARis or 1/(VARis (ns )2)   

does not qualitatively change the results of specification (III) in Table 6. Using cluster-robust 

standard errors however does change the results: SME’s and published studies now show a non-

significant effect, while the effects of manufacturing and the rating of the study become 

significant. This is another sign that this sample of studies does not provide stable results, 

making it hard to draw conclusions on the origin of the variation between the studies. 

8. Conclusions 

We performed a meta-analysis of the literature on the effectiveness of R&D tax incentives. This 

literature consists of two families of micro-econometric studies. One family estimates the 

elasticity of private R&D expenditures with respect to the user cost of R&D capital. The other 

family estimates correlations between R&D expenditure and the presence of an R&D tax 

incentive scheme. We analyzed each family of studies separately. 
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For the studies that estimate the user-cost elasticity we found, after correcting for publication 

bias, a significant average elasticity of -0.21 for the flow of R&D expenditures and a significant 

average elasticity of -0.13 for the stock of R&D capital. The publication bias is substantial: the 

uncorrected average elasticities are -1.10 and -0.48 respectively. Also, the estimates of the user 

cost elasticity are quite heterogeneous. Part of this heterogeneity is caused by the significant 

difference between stock and flow of R&D expenditures. We also found publication effects. 

Recently published studies provide smaller elasticities compared to either older published 

studies or unpublished work. In addition, outlets with a higher impact factor tend to publish 

higher elasticities. All the results we found for this family of studies are robust to different 

model specifications.  

For the family of studies that presents correlations between R&D expenditure and the presence 

of an R&D tax incentive scheme, the presence of a scheme is associated with seven percent more 

R&D expenditure after correction for publication bias. This effect is significantly different from 

zero. Again, we found substantial publication bias as the uncorrected mean effect is 58 percent. 

The estimates display a large amount of heterogeneity, but different model specifications 

suggest different sources of heterogeneity, making it hard to draw robust conclusions. 

For both families of studies we found a robust but modest effect after correction for publication 

bias. This suggests that R&D tax incentives help to increase the level of private R&D, but are 

probably not a major determinant of a country’s innovativeness. 
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