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1. Introduction 
Public subsidies to private R&D constitute in most countries one of the main instruments for 
supporting innovation. The most common argument justifying these programs is based on the 
presence of market failures, which would lead to insufficient incentives or finance for firms to 
innovate. The presence of market failures is believed to be particularly important for small and 
medium-sized enterprises (SMEs) (Peneder, 2008). This has greatly encouraged public support in 
this area through national and regional programs. 
Although programs in favor of private R&D have been implemented for a long time, the 
literature devoted to evaluating the effects of these programs has a much shorter history. 
However, during the last decade or so, this literature has benefited from the methodological 
developments achieved in the econometrics of program evaluation (Imbens and Wooldridge, 
2009; Heckman, 2010). As a result, the number of works trying to establish whether subsidies are 
effective has increased rapidly, using both general survey data and ad hoc program data. 
Although findings are often mixed, some recent surveys have highlighted that the majority of 
works support the effectiveness of R&D subsidies (García-Quevedo, 2004; Zúñiga-Vicente et al., 
2012).  
Small-business programs, which are very common, but are perhaps more likely to be 
implemented at the regional policy-making level (Blanes and Busom, 2004), have received only 
limited attention in the applied microeconomic literature, although there are some notable 
exceptions. One of these is Wallsten (2000): focusing on the well known SBIR program in the 
US, the author finds that subsidies had no effects on R&D expenditure, but he does not take into 
account any other outcome variable. On the other hand, more recently, Czarnitzki and Lopes-
Bento (2013) find that the Belgian KMO small-business R&D program had relevant effects on 
some major input indicators, such as R&D investment and R&D employees. Other contributions, 
although not specifically focusing on a small-business program, account for possible effects 
arising for SMEs: Lach (2002), for example, finds that subsidies had a positive effect on the 
R&D expenditures of small firms; González et al. (2005) and González and Pazó (2008) report 
relevant R&D-inducement effects for smaller non-R&D-performing firms; while Merito et al. 
(2010), taking a broader approach, find that subsidies shifted the employment structure of SMEs 
towards more skilled workers and raised their employment levels. Most of these studies have 
however focused on contemporaneous or short-term effects, while only few of them have been 
concerned with the medium- or long-term effects that might be induced by R&D programs 
(Zúñiga-Vicente et al., 2012). In this work, we will concentrate on this latter kind of effects. 
We will also try to contribute to the existing literature by designing and applying an evaluation 
strategy that accounts for some specificities of SMEs and for the goals of related programs. In 
order to do so, we will use and combine elements derived from the more traditional economic 
approaches, in which effects are expressed in terms of the inputs and outputs of a “black-box” 
innovation process, with some elements inspired by evolutionary and managerial approaches that 
stress the importance of softer, behavioral outcomes.  
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We opt for an identification strategy that rests on the unconfoundedness assumption (Rosenbaum 
and Rubin, 1983b), which is made plausible by using a vast – unprecedented to our knowledge - 
number of pre-treatment variables, most of which are time-varying. Moreover, our analysis is 
made robust by the choice of a bias-adjusted matching estimator (Abadie and Imbens, 2011). We 
also provide some hints on how this strategy may be performed in a small-sample context, which 
is typical of small-scale programs. In particular, we will discuss how precision of estimates may 
be improved in the presence of many matching variables but few observations. Finally, we check 
the robustness of our results by implementing sensitivity analysis that permits us to assess how 
credible unconfoundedness is in our specific application. 
Our results show that subsidies stimulated the upskilling of SMEs and boosted a non-transitory 
practice of R&D activities. This latter outcome occurred especially in the presence of former 
nonperformers of R&D, for which we find a clear evidence of an effect. No other significant 
positive effect was found. 
The paper proceeds as follows. Section 2 recalls the market failures that justify public 
intervention in favor of private R&D, in particular with respect to SMEs. Section 3 puts this 
paper in the context of the wide body of applied literature on input, output and behavioral effects 
and defines the set of outcome variables of interest. Sections 4 and 5 are respectively devoted to 
the illustration of data and of the empirical strategy, while Section 6 presents the main results of 
the analysis. Section 7 concludes the paper. 
 

2. Public support to private R&D in the case of SMEs 
It is well known that the theoretical foundations of public intervention in support of private R&D 
mainly reside in two distinct types of market failure: the failure connected to the presence of 
externalities and public goods, and capital market imperfections.  
The first problem arises as the public-good nature of R&D results, as well as the fact that R&D 
may generate positive externalities, determine a condition of underincentive for firms to invest, 
compared to the levels that would be socially optimal and desirable (Arrow, 1962; Martin and 
Scott, 2000). This happens because the nature of public good prevents investing companies from 
reaping the full benefits of this activity; while the presence of externalities makes it difficult to 
keep the results of internal R&D within the boundaries of the investing firm. 
The second problem is due to the fact that R&D is typically a human-capital-intensive and non-
transparent activity, the results of which are often highly uncertain. Here, the failure is 
determined by the presence of information asymmetries (adverse selection, moral hazard) 
between the company that intends to invest in R&D and its potential capital lenders, which may 
bring to the lack of the finance, or make it too costly, and thus prevent the firm from investing 
(Hall and Lerner, 2009). In addition, the intangible nature of R&D makes it very difficult to find 
collateral values to be used by potential capital lenders as a screening device against adverse 
selection, or as an incentive mechanism against moral hazard (Bester, 1985 & 1987). 
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The rationales for public intervention in favor of private R&D apply indiscriminately to large and 
small firms. Some authors have argued, however, that these failures may affect SMEs in 
particular, preventing them from investing and discouraging risk assumption (Trajtenberg, 2001; 
Hyytinen and Toivanen, 2005; Czarntizki, 2006). 
With reference to externalities, SMEs seem to face greater difficulties in the internalization of 
technological spillovers (Gans and Stern, 2000). This happens because it is relatively infrequent 
that they make use of secrecy or of expensive tools of intellectual property protection, such as 
patents (Kitching and Blackburn, 1999).  
With respect to information asymmetries and related financing constraints, it is well known that 
these problems seriously affect innovative start-ups and SMEs, as these are relatively lacking in 
track records (having for example, as in the Italian case, financial statements in simplified form, 
or none at all) and collaterals, or also, from the financier’s viewpoint, the volume of finance they 
require may not be worth the start of a costly risk-assessment procedure (Carpenter and Petersen, 
2002; Peneder, 2008). In addition, as for innovative start-ups, constraints may be even stronger as 
they lack also reputation; moreover new entrepreneurs might be reluctant to disclose confidential 
information about the characteristics and the potential of their innovative projects, thereby 
making it even more difficult to assess risk by the lender (Hall, 2002; Carpenter and Petersen, 
2002; Takalo and Tanayama, 2010). It has also been argued that the fact that SMEs focus their 
efforts on one or a few R&D projects may lead lenders to charge a higher risk premium than that 
charged to larger companies, which balance the risks by carrying out multiple projects 
(Tanayama, 2009)1. For the reasons mentioned above linked to the presence of information 
asymmetries, SMEs strongly rely on internal finance for their R&D investments (Himmelberg 
and Petersen, 1994; Hall and Lerner, 2009; Czarnitzki and Hottenrott, 2011). 
In view of the approaches discussed so far, tied to a static conception of market failure, the 
economic literature of evolutionary inspiration adds a focus on internal and inter-organizational 
learning processes, which strongly rely on the availability of internal skills and competencies, as 
well as on the firm’s capability to absorb external knowledge and match it to its own. Therefore a 
further major obstacle may be identified in the relatively limited set of skills and capabilities of 
SMEs. In particular, as noted by Ortega-Argilés et al. (2009), SMEs generally tend to invest little 
in R&D due to a lack of knowledge about how and where to acquire the necessary skills to do so. 
In addition, as Trajtenberg argues (2001, p.433), “younger/smaller firms are disadvantaged 
relative to large firms in terms of a wide range of competencies and experience that are 
complementary to R&D, be it in marketing, pure management, access to complementary know 
how, etc.”. For these reasons, SMEs often encounter many difficulties in establishing R&D 
partnerships with external parties, be they other companies, universities, research centers or other 
technology providers; such relations are, however, theoretically desirable (Katz, 1986, Bozeman, 
                                                 
1 Finally, it has to be added that the gradual standardization of the criteria for accessing credit triggered by Basel II, 
has further reduced the chances of obtaining loans for the realization of investment projects, such as those in R&D, 
characterized by a strong qualitative component. 
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2000, Hagedoorn et al., 2000). Even the empirical literature finds that R&D partnerships are 
beneficial for SMEs (Audretsch et al., 2002; Busom and Fernandez-Ribas, 2008), especially 
when the technology providers are able to understand and adapt to the skill needs of SMEs. 
Finally, evolutionary literature points out that SMEs tend to carry out, if any, informal R&D 
activities (Kleinknecht and Reijnen, 1991), often relying on non-permanent departments, or 
entrusting this task to unspecialized personnel that is allocated also to other activities in the 
enterprise. The fact that SMEs do not perform R&D, or do so only intermittently and in a semi-
structured way (Rammer et al., 2009), entails that the barriers to the absorption of knowledge and 
inward technological spillovers remain high (Cohen and Levinthal, 1989, 1990). It is also 
emphasized that the SMEs’ propensity to R&D, be it formal or informal, often depends on the 
characteristics of the sector (Acs and Audretsch, 1990) and, specifically, to the regimes and 
trajectories that characterize technological dynamics and competition within the sector itself 
(Breschi et al., 2000). Especially in lower technology industries it is common to find widespread 
practices of innovation without R&D (Hervas-Oliver et al., 2011; Som, 2012). This issue has 
been object of a long-lasting debate in Italy, a country characterized by a vast prevalence of 
SMEs, many of which belonging to low to medium technology sectors (Gottardi, 1996). 
 

3. Different types of effects and the choice of outcome variables 
The peculiarities of SMEs require to define an approach for the evaluation of R&D programs that 
specifically target this type of firms. The typical goals of small-business R&D programs do not 
usually refer to one-dimensional outcomes, instead these programs often pursue a variety of 
goals. For this reason, we will employ, in this study, combination of input, output and behavioral 
outcomes. 
The literature usually distinguishes three types of firm-level outcomes that might descend from 
an R&D subsidy: effects on the input or on the output of the innovation process (David et al., 
2000; Klette et al., 2000; Cerulli, 2010), and behavioral effects (Buisseret et al., 1995). Studies 
inspired by industrial organization literature usually focus on input effects, which are related to 
R&D expenditures, directly descend from theoretical models and may be empirically identified 
by means of both structural (Wallsten, 2000; Busom, 2000; González et al., 2005; Takalo et al., 
2012) and reduced-form approaches (Lach, 2002; Almus and Czarnitzki, 2003; Görg and Strobl, 
2007; González and Pazó, 2008 to cite just a few). A considerable number of studies focus on (or 
also on) the side of outputs, and take into consideration a variable set of innovation outcomes 
(Hujer and Radic, 2005; Czarnitzki et al., 2007; Hussinger, 2008; Bérubé and Mohnen, 2009) or 
also more generic proxies of firm performance (Merito et al., 2010), mostly relying on non-
structural approaches. Finally, a third strand of literature puts forward the concept of behavioral 
effects, based on theoretical arguments mostly drawn from evolutionary, management and 
organizational literatures. According to this approach, a program is successful if it is able to 
foster organizational and inter-organizational learning (Clarysse et al., 2009) and to raise 
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permanently the firms’ capacities that are essential for innovation activity (Busom and 
Fernandez-Ribas, 2008; Gök and Edler, 2012). 
Connected to the issue of what effects should be searched, another important topic is when these 
effects are expected to arise. So far, much attention has been devoted to the evaluation of 
contemporaneous or short-term effects of R&D subsidies, i.e. to establish if subsidies are more 
likely to substitute or complement private R&D expenditure. However, effects on R&D inputs 
may be distributed over time for the following reasons. First, as for example Klette and Møen 
(2012) have argued, positive medium- or long-term effects may be expected due to the fact that 
the implementation of the program induces learning-by-doing in R&D activities and thus changes 
the firms’ profit opportunities in favor of more R&D-intensive products. Second, one should not 
forget that firms could face adjustment costs (Lucas, 1967) in the implementation of R&D 
investments. In the case of SMEs, these costs are not unlikely to be due to the hiring of new 
skilled R&D personnel, to the reallocation of personnel from production to R&D activities 
(Zúñiga-Vicente et al., 2012) or also, in case the firm is a non-R&D performer, to the setup of 
R&D facilities from scratch.2 For empirical evidence supporting the idea of non-immediate input 
effects see for example Lichtenberg (1984), Lach (2002) or Klette and Møen (2012). Moreover, if 
one thinks of output (e.g. patents, turnover, etc.) or behavioral effects (e.g. the propensity to 
engage in R&D collaboration with other firms, Universities or other technology suppliers), it is 
plausible these not to arise immediately, but perhaps in a later stage of implementation of the 
subsidized R&D project or even after its completion.  
In this article we will focus on medium-term effects of an R&D small-business program, as 
measured 1.5-2 years after the completion of the subsidized projects. On the side of effects on 
inputs, we will analyze if the subsidy has encouraged SMEs to continue (or increase) R&D 
investment, to establish proper R&D departments or, more in general, to hire a better educated 
labor force. All these elements refer to knowledge and competence accumulation and may also be 
seen as prerequisites for the enhancement of the firm’s absorptive capacity. On the side of 
outputs, we will evaluate not only if participation in the program has increased some generic 
outcomes, such as turnover, but also if it has encouraged the filing of intellectual property rights 
(IPR) applications, such as patents, industrial designs or copyrights. Being focused not only on 
patents, this latter outcome indicator is intended to capture forms of protection that are quite 
common also in lower technology industries. Finally, we will verify if the grant has pushed 
beneficiary SMEs to start (or increase) R&D partnerships with academia or with other firms, i.e. 
to adopt a (more) cooperative behavior in the area of innovation. 

                                                 
2 Taking a more general approach, as suggested in David et al. (2000), the firm’s marginal-rate-of-return schedule 
may shift outwards over time if:  i) the firm may benefit from a higher inflow of spillovers due to the fact that the 
program has enhanced  general technological knowledge; ii) the firm may benefit from the higher availability of 
skilled R&D personnel in the labor market due to the fact that the program has in general led to the formation and 
training of this skilled labor force. 
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4. Data from a regional small-business program supporting R&D  
The regional government of Tuscany (one of the Italian regions) implemented, in 2003 and 2004, 
a program consisting of the delivery of public subsidies to single firms in favor of private 
intramural R&D investments aimed at product innovation. This program, corresponding to 
measure 1.1.1b "Aids to pre-competitive development” of the Single Programming Document 
2000-2006, was exclusively directed to SMEs, including low or medium technology sectors, as 
these represent the overwhelming majority of the Tuscan manufacturing. The program was 
funded by the combination of financial resources from both the European Regional Development 
Fund (ERDF) and Italian National Law 598/94. The meta-goal of this policy, as documented in 
the related regional programming documents, was to promote the expansion and the upgrading of 
business activities and to facilitate an approach to market segments characterized by the presence 
of more innovative products. The program posed only a few restrictions in terms of sectoral 
affiliation of possible applicants: all manufacturing sectors and business services were eligible for 
funding. Nor were there specific technological goals specified, except for the fact that companies 
had to develop product innovation. This approach was consistent with the philosophy of a 
bottom-up action, at that time very common among Italian regional policymakers. Nonetheless, 
the incentives were not granted automatically, but through a selection procedure based on the 
evaluation of submitted projects by a committee of experts. As a result of this, a few projects 
were not admitted to funding (30.8% of applications filed by eligible firms were rejected). 
Eligible projects had to last no longer than 18 months and had to be of small or medium size: 
their total value could not exceed 750 thousand Euros. The aid could cover 35 to 40% of the total 
project value, depending on a number of conditions specified in the call for tender. One half of 
the aid given to each firm consisted of a non-repayable contribution, while the remaining 50% 
was repayable – in installments - within three years. According to the call for tender, eligible 
investments included costs for R&D personnel, R&D materials and equipment, specific 
consultancies or acquisition of intangibles connected to the implementation of the R&D project, 
and a limited amount of other general R&D costs. 
The data we primarily focus on refer to beneficiary firms that incepted and completed the co-
funded R&D project. Now, the possibility to identify a causal effect attributable to the incentive 
requires that no beneficiary firm received more than one subsidy. If this does not hold, the 
identification of a causal effect becomes very difficult, as the effects of different aids may be 
additive. We thus expunged firms which, although having completed the co-funded project, 
participated in other public R&D programs (19 firms) – throughout the period in question – both 
at the national and at the regional levels. Our set of beneficiaries comprises 120 firms. We 
gathered the balance statements of all these firms and of all eligible non beneficiaries, from the 
Aida-Bureau Van Dijk commercial dataset, starting from two years prior to the first call for 
tenders. We also reconstructed the amount of individual exports from trade archives held by the 
Italian National Institute for Statistics (ISTAT) based on customs declarations. This information 
allowed us to define a first set of potential control firms (henceforth these firms will sometimes 
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be referred to as controls), which were roughly similar to the former – before the program was 
put in place – at least in terms of some basic business characteristics (age, sector, legal form, 
etc.), key balance sheet data and export behavior. The definition of a set of potential control firms 
rested on a matched sampling of the control reservoir, whose goal was that of obtaining a 
manageable set of controls for further analysis (Rosenbaum and Rubin, 1985): after estimating a 
propensity score based on available pre-treatment values of covariates, we selected a pool of 
potential control firms by matching each beneficiary to its five nearest neighbors, without 
replacement. 
We then launched a direct survey to this population of 754 companies (120 of which 
beneficiaries, the set of 634 matched potential controls also includes the 62 firms whose 
application for the subsidy was rejected). Structured telephone interviews were based on a 
questionnaire aimed at collecting original data on the past R&D and innovation strategies of 
firms, as well as on their production and marketing strategies. The questionnaire allowed us to 
obtain some longitudinal information on R&D and other innovation inputs, outputs and 
behaviors, otherwise unavailable in the datasets previously at our disposal. 

 
Table 1- Selected descriptive statistics of firms prior to treatment 

Variable 
TREATED FIRMS (120 obs.)

MATCHED POTENTIAL  
CONTROL FIRMS (634 obs.)   Standardized 

mean difference
Variance 

ratio
Mean Std. Dev. Mean Std. Dev.  

         
employees -1 34.682 34.997  24.181 51.814  0.238 0.456
employees -2 34.389 35.157  24.041 50.715  0.237 0.481
graduated employees -1 2.300 4.226  2.274 14.798  0.002 0.082
graduated employees -2 2.175 3.867  2.189 13.459  -0.001 0.083
R&D personnel -1 3.992 5.278  1.774 6.517  0.374 0.656
R&D personnel -2 3.842 5.148  1.707 6.105  0.378 0.711
R&D investment -1 (th. of Euros) 193.617 243.905  84.487 861.042  0.172 0.080
R&D investment -2 (th. of Euros) 192.467 244.538  100.898 1218.533  0.104 0.040
turnover -1 (th. of Euros) 6751.429 7628.501  4681.078 11900.000  0.207 0.410
turnover -2 (th. of Euros) 6550.784 6937.218  4823.556 11800.000  0.179 0.348
value added p.e. -1 (th. of Euros) 39.589 16.797  38.886 31.315  0.028 0.288
value added p.e. -2 (th. of Euros) 40.046 18.081  37.912 48.894  0.058 0.137
previous IPRs -1, -2, -3 0.292 0.456  0.219 0.414  0.166 1.215
collaborative inter-firm innovation -1 (1/0) 0.200 0.402  0.106 0.308  0.264 1.704
collaborative inter-firm innovation -2 (1/0) 0.192 0.395  0.109 0.312  0.233 1.608
technology transfer -1 (1/0) 0.192 0.395  0.074 0.262  0.350 2.273
technology transfer -2 (1/0) 0.183 0.389  0.077 0.267  0.318 2.114
rating -1 (prob. of default) 0.009 0.006  0.007 0.006  0.294 1.128
rating -2 (prob. of default) 0.008 0.004  0.007 0.005  0.257 0.562
cashflow/turnover -1 0.046 0.058  0.051 0.158  -0.046 0.136
cashflow/turnover -2 0.041 0.052  0.035 0.099  0.077 0.274
export/turnover -1 0.218 0.293  0.238 0.323  -0.066 0.825
export/turnover -2 0.231 0.315  0.234 0.313  -0.011 1.019
in medium-high to high tech sectors or KIBS (1/0) 0.317 0.467  0.374 0.484  -0.120 0.931
with product innovation experience (1/0) 0.708 0.456  0.468 0.499  0.501 0.835
with R&D investment history (1/0) 0.792 0.408  0.421 0.494  0.818 0.681
with a own tradmark (1/0) 0.742 0.440  0.700 0.458   0.092 0.919
Note to table 1: the standardized mean difference of a given variable X is defined as the difference of means in the two groups divided by the 
pooled standard deviation:  

  CXTXCXTXXSMD )var()var(/  . The variance ratio is simply defined as CXTXXVR )var(/)var( . IPRs 

stands for intellectual property rights; KIBS is the acronym for knowledge-intensive business services. 
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Table 1 presents some descriptive statistics on selected pre-treatment variables, acquired also 
through the interviews, in the two groups of beneficiary and matched potential control firms. All 
variables are described in the Appendix. Where present, subscripts indicate how many years 
before treatment the variable refers to. 
The table shows that, before the implementation of the program, beneficiary firms invested more 
in R&D and had more stable R&D personnel than potential controls. In addition, they were more 
experienced in (and thus oriented to) product innovation, they were more used to carry out 
innovation in collaboration with other firms or universities. They were also relatively more 
oriented to intellectual property rights (IPRs in the table). These elements highlight that the two 
groups are still far apart from each other, in spite of the fact that we have preliminary matched a 
set of potential controls based on balance-sheet and export data. They also suggest that additional 
and more “strategic” characteristics, such as those gathered by means of the interview, have to be 
accounted for in order to properly address the selection problem and identify a set of control 
firms that is really similar to the group of firms receiving the R&D incentive. 
 

5. The empirical strategy 
The evaluation of public incentives to R&D should determine what part of the performance of 
recipient firms is attributable to the aid provided (treatment), net of other factors characterizing 
beneficiaries, regardless of their exposure to treatment. The starting point of the program 
evaluation literature is the definition of the causal effect(s) of interest. A causal effect is, in 
general, a contrast of what we observe after the intervention has been implemented and what we 
would have observed, at the same point in time and on the same subjects, if the intervention had 
not taken place. Postulating the existence of only two potential situations for each unit (firm) 
reflects the acceptance of the Stable Unit Treatment Value Assignment assumption (SUTVA, 
Rubin, 1980), which assures that units do not interfere with one another and that there are no 
hidden variations of the treatments. With respect to an economic or social program, this means 
assuming that the intervention on some participants does not affect the result of non-participants, 
which is credible only when the size of the intervention is sufficiently small. In economic terms, 
impact evaluation based on the SUTVA refers to a partial equilibrium perspective, neglecting or 
assuming away possible general equilibrium effects. 
In order to formally define the causal effect of an intervention on an outcome variable Y, we use 
the potential outcome approach to causal inference, based on the statistical work on randomized 
experiments by Fisher and Neyman, and extended by Rubin to observational studies (see 
Holland, 1986). In recent years, many economists have accepted and adopted this framework 
because of the clarity it brings to questions of causality (Imbens and Wooldridge, 2009). 
Assuming a binary treatment, this approach defines a causal effect as the comparison of the 
potential outcomes on the same unit measured at the same time: Y(0) = the value of the outcome 
variable Y if the unit is exposed to treatment T = 0, and Y(1) = the value of Y if exposed to 
treatment T = 1. Only one of these two potential outcomes can be observed, Yobs = Y(1)*T + 
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Y(0)*(1-T), yet causal effects are defined by their comparison, e.g., Y(1) - Y(0). Thus, causal 
inference requires developing inferences able to handle missing data, and usually shifts the focus 
on estimable quantities. The econometric literature has largely focused on average effects of the 
treatment defined over an underlying population. If this underlying population is the whole 
population of subjects under study, then the so-called average treatment effect (ATE) is the 
population expectation of the unit-level causal effect Y(1) – Y(0): E (Y1- Y0) = E (Y(1)) - E 
(Y(0)). But often the causal effect of interest is the average effect on the treated (ATT): E (Y(1) - 
Y(0) | T = 1), that is, the unit-level casual effect averaged over the sub-population of treated 
units. ATT is often a more interesting estimand than the overall average effect, as it refers to the 
subjects who actually, for various reasons, took the treatment and for whom the treatment was 
intended, and who may be very different from subjects who did not take it and are possibly 
unlikely to take it in the future. 
A growing strand of applied economic literature has tried to identify causal effects of 
interventions from observational (i.e. non experimental) studies, using the conceptual framework 
of randomized experiments and the potential outcomes approach. While it is possible to find 
some identification strategies for causal effects even in non experimental settings, data alone do 
not suffice to identify treatment effects. Suitable assumptions, possibly based on prior 
information available to the researchers, are always needed. In order to state these identifying 
assumptions, it is useful to define the assignment mechanism, a stochastic rule for assigning 
treatments to units and thereby for revealing Y(0) or Y(1) for each unit. This assignment 
mechanism can depend on other measurements, i.e. P(T = 1|Y(0), Y(1), X). If these other 
measurements are observed values, then the assignment mechanism is ignorable (Rubin, 1974); 
if given observed values involve missing values, possibly even missing Y’s, then it is non-
ignorable. Unconfoundedness is a special case of ignorable missing mechanisms and holds when 
P(T = 1|Y(0), Y(1), X) = P(T = 1| X) and X is fully observed. Unconfoundedness is similar to the 
so called “selection on observables” assumption (also exogeneity of treatment assignment), and 
states that the value of the regressor of interest is independent of potential outcomes after 
accounting for a set of observable characteristics X. This approach is equivalent to assuming that 
exposure to treatment is random within the cells defined by the variables X. Although very 
strong, the plausibility of this assumption relies heavily on the amount and on the quality of the 
information on the unit contained in X. As it will be detailed in the next Section, we can use an 
unprecedented high number of pre-treatment covariates and their lagged values, which provide a 
detailed description of the firms: it should also be emphasized that using a large number of 
covariates may increase the probability to intercept, at least indirectly, the role that any 
unobservable variables may have played in determining participation in the program. This same 
probability is even higher if time-varying covariates are used, so as to account for similarity in 
trends, and not only in levels. 
Under unconfoundedness one can identify the average treatment effect within subpopulations 
defined by the values of X: 
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E(Y(1) – Y(0)| X = x) = E(Y(1) | X = x) - E(Y(0) | X = x) = 

   = E(Y(1) | T = 1, X = x) - E(Y(0) | T = 0, X = x) = 
   = E(Yobs | T = 1, X = x) - E(Yobs | T = 0, X = x)  

 
and also the overall ATT as : 
 
E(Y(1) – Y(0) | T = 1) = E(E(Y(1) – Y(0)| T = 1, X = x)) 
 

where the outer expectation is over the distribution of X in the population of treated units (T = 
1). If we could simply divide the sample into subsamples, dependent on the exact value of the 
covariates X, we could then take the average of the within subsample estimates of the average 
treatment effects. Often the covariates are more or less continuous, so some smoothing 
techniques are in order: under unconfoundedness several estimation strategy can serve this 
purpose. One such strategy is regression modeling: using regression models to “adjust” or 
“control for” pre-intervention covariates has some pitfalls. For example, if there are many 
covariates, it can be difficult to find an appropriate specification. In addition, regression 
modelling obscures information on the distribution of covariates in the two treatment groups. In 
principle, one would like to compare individuals that have the same values for all the covariates: 
unless there is a substantial overlap of the covariates’ distributions in the two groups, with a 
regression model one relies heavily on model specification, i.e. on extrapolation, for the 
estimation of treatment effects (Rubin, 2008). Therefore it is crucial to check the extent of the 
overlapping between the two distributions, and the “region of common support” for these 
distributions (Crump et al., 2009). When the number of covariates is large, this task is not an 
easy one. An approach that can be followed is to reduce the problem to a one-dimensional one 
by using the propensity score, that is, the individual probability of receiving the treatment given 
the observed covariates p(X) = P(T = 1| X). In fact, under unconfoundedness the following 
results hold (Rosenbaum and Rubin, 1983b): 

1. T is independent of X given the propensity score p(X); 
2. Y(0) and Y(1) are independent of T given the propensity score. 

From 1. we can see that the propensity score has the so-called balancing property, i.e., 
observations with the same value of the propensity score have the same distribution of 
observable (and possibly unobservable) characteristics independently of the treatment status; 
from 2., exposure to treatment and control is random for a given value of the propensity score. 
These two properties allow us to a) use the propensity score as a univariate summary of all the X 
to check the overlap of the distributions of X, because it is enough to check the distribution of 
the propensity score in the two groups, and b) use the propensity score in the ATT (or ATE) 
estimation procedure as the single covariate that needs to be adjusted for, as adjusting for the 
propensity score automatically adjusts for all observed covariates (at least in large samples). In 



 12

this paper we will use the estimated propensity score to serve purpose a), and then use it as in b) 
as a distance measure in the bias-adjusted matching estimator proposed by Abadie and Imbens 
(2011).  
The analysis of the propensity score alone can be very informative, because it reveals the extent 
of the overlap in the treatment and comparisons groups in terms of pre-intervention variables. 
The conclusion of this initial phase may be that treatment and control groups are too far apart to 
produce reliable estimates without heroic modelling assumptions. 
The assumption that the treatment assignment is unconfoundeded underlies much of the recent 
economic policy intervention evaluation strategies, so that one might have the impression that 
researchers no longer pay much attention to unobservables. The problem of the analyses 
involving adjustments for unobserved covariates, such as the Heckman’s type corrections 
(Heckman and Hotz, 1989), is that they tend to be quite subjective and very sensitive to 
distributional and functional specification. This has been shown in a series of theoretical and 
applied papers (e.g., LaLonde, 1986; Dehejia and Wahba, 1999; Copas and Li, 1997). In 
addition, the adjustment for unobserved variables strongly relies on the existence of valid 
instruments, i.e. on variables that are associated with T but are otherwise independent of the 
potential outcomes. If such variables exist, they can then be used as a source of exogenous 
variation to identify causal effects (Angrist and Imbens, 1994; Angrist et al., 1996).  
Thus, despite the strength of the unconfoundedness assumption that, nevertheless, cannot be 
tested, it is very hard not to use it in observational studies: it is then crucial to adjust the “best” 
possible way for all observed covariates. The issue of unobserved covariates should then be 
addressed using sensitivity analyses (e.g. Rosenbaum and Rubin, 1983a; Ichino et al., 2008), 
which may be performed also using pseudo-outcomes (Imbens and Wooldridge, 2009) as will be 
illustrated and implemented in Section 6.2. 
Given the unconfoundedness assumption, a number of statistical methods have been developed 
that allow to make ceteris paribus comparisons. These include procedures for matching, 
stratification, weighting and regression (Rosenbaum and Rubin, 1983b & 1984, Heckman et al., 
1997; Dehejia and Wahba, 2002; Imbens and Wooldridge, 2009). 
In general, the matching procedure consists in coupling the post-treatment outcome of each of the 
treated subjects with the outcome of one (or more) untreated subjects with similar observable 
characteristics. In practice, if the estimand of interest is the ATT, this procedure ends up shaping 
a control group with a distribution of observable characteristics that should be the same as the 
distribution observed in the treated group. This process of matching is unconstrained by any 
parametric assumptions regarding the relationship between Y and T, and highly reduces the risk 
of obtaining estimates of the causal effect by comparing non-comparable subjects, as it may 
instead be the case, if extreme caution is not used, with regression methods including regression-
based difference-in-differences methods. 
The estimated propensity score (once correctly specified and analyzed) can be used in the 
estimation methods that rely on matching: each unit is matched to one or more untreated units 
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with the same (or a close) value of the propensity score. As for specific method of estimation of 
the ATT, our choice fell on the bias-corrected matching estimator proposed by Abadie and 
Imbens (2011) that combines the matching based on some distance metric with a correction 
factor which reduces the bias due to the fact that matching is not exact. The correction is 
calculated using a regression model for the outcome variable in the control group. In general, the 
literature suggests to use such robust methods which combine in various ways matching 
techniques with model-based techniques (Abadie and Imbens, 2011; see also Robins and 
Rotnitzky, 1995). 
There are a number of issues that need to be addressed when implementing the bias-corrected 
matching estimator (and matching estimators in general) to a case, as ours, with relatively small 
sample size. 
First, the choice of the number of matches is relevant here. In the choice of the number of 
matches, bias-precision trade-off issues are invoked, with a usual focus on reducing bias rather 
than variance. This usually leads to using a single match in order to have the least bias at the 
price of smaller precision. However, with a relatively large number of potential controls, the bias 
induced by multiple matches appear to be less severe, whereas if the number of treated units is 
relatively small (and so also the number of single-matched controls) trying to reduce the variance 
may be a sensible goal. It seems thus relevant to optimize the number of matches, although until 
now very little is known about ways to achieve this optimality and about data-dependent ways of 
choosing the optimal number of matches. We propose an empirical solution to this problem, 
based on comparing pre-matching and post-matching differences in covariates' distribution under 
different number of matched controls. The method is illustrated and applied in our setting in the 
next Section. 
Second, in principle the estimation strategy proposed by Abadie and Imbens (2011) allows the 
researcher to correct the bias due to the imperfect matching of all covariates. This strategy, 
although correct in principle, may be very unpractical in its implementation phase, especially in 
the context of a limited sample size. Linear regression-based adjustment of all matching 
covariates is in fact not unlikely to bring to situations of over-fit that may lead extreme 
adjustments. In order to avoid this type of problem, we propose to include in the regression 
adjustment only the lagged values (pre-treatment, two lags) of the outcome variable. In so doing, 
our strategy gets closer in spirit to a difference-in-differences approach (see Athey and Imbens, 
2006), in that we essentially perform a perfect match on the pre-treatment values of the outcome 
variable, although we avoid imposing any specific structure to the relationship between outcome, 
treatment and pre-treatment outcome values.  
 

6. How far has the program been effective? 
6.1 Estimation and analysis of the propensity score, common support and balance checks 
In the estimation of the propensity score we used a very wide set of pre-treatment characteristics, 
whose full detail is provided in the Appendix. They include some general features of the firm, as 
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well as other characteristics related to the following aspects: the firm’s recent innovation strategy; 
its situation in terms of availability of internal cashflows and accessibility of credit market 
finance; its capital structure and other productivity and performance indicators. In addition, we 
have included a number of descriptors of sectors and territories to which firms belong. Most of 
the variables are observed during the two years prior to the incentive: this has allowed the 
estimation of a propensity-score that takes into account both static and dynamic features of the 
firms. In general, it is argued in the literature that the higher the number of pre-treatment 
covariates considered, the more credible unconfoundedness is (see discussion in Section 5). It has 
also to be stressed that the set of covariates used for estimating the propensity score includes the 
lagged values of outcome variables, an issue whose importance is highly emphasized in the 
methodological literature (Imbens, 2004) and, more recently, also in the economic one (see for 
instance González and Pazó, 2008 as for the R&D-subsidy case). 
The propensity score was specified as a logit model; the correct specification was assessed by 
checking its balancing property. Despite the high number of variables and the relatively small 
size of our sample, the balance obtained is satisfactory. The estimated propensity score was used 
to verify the common support assumption and exclude firms out of the support. Figure 1 shows in 
fact that there is a number of controls that are out of this region, and are therefore excluded from 
the analysis. Moreover, at high values of the propensity score controls tend to be much scarcer, 
which suggests allowing replacement.  
 

Figure 1 - Common support (Relative frequencies in the two groups of treated firms and controls) 

0 .2 .4 .6 .8 1
Propensity Score

Untreated: off support Untreated: on support

Treated: on support

 

 
Balance requires that the post-matching differences in the distributions of all covariates in the 
treated and controls groups are close to zero. The extent of the improvements due to matching 
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may of course vary with the number of controls we choose to match to each treated unit. As 
discussed in Section 5, one might be tempted, on the one hand, to add as many controls as 
possible in order to reduce sampling variability and increase the precision of estimates. 
Unfortunately, the potential drawback of this is to increase the bias. The literature provides no 
guidance about the choice of the number of matches. A reasonable empirical solution that we 
propose and implement, motivated by Imbens and Wooldridge (2009), consists in comparing the 
pre-matching standardized mean differences and variance ratios (see for instance figure 1) to the 
standardized mean differences and the variance ratios obtained after matching, so as to find out 
and assess improvements with different number of matches. 

 

Table 2 – Assessing balance improvements due to propensity score matching, with respect to the initial non-
matching situation 

  
% of variables whose balance improves  

Average improvement on all variables 
(difference between pre- and post-matching values) 

 standardized mean diff. variance ratio standardized mean diff. variance ratio
      
on common support 55.00 63.80  0.00 0.15
1 match 48.80 61.30  -0.01 0.16
2 matches 52.50 63.80  0.04 0.15
3 matches 51.30 60.00  0.04 0.01
      

  
Average improvement on 1st lagged value of outcomes (-1)

 
Average improvement on 2nd lagged value of outcomes (-2)

(difference between pre- and post-matching values) (difference between pre- and post-matching values) 
 standardized mean diff. variance ratio standardized mean diff. variance ratio
on common support -0.06 0.16  -0.06 0.14
1 match 0.07 0.31  0.08 0.39
2 matches 0.15 0.36  0.15 0.40
3 matches 0.17 0.35   0.14 0.39

 
 
Using propensity score as a distance (matching) metrics, table 2 shows that the two-match 
solution assures on average positive and considerable improvements on all covariates, both in 
terms of mean differences and variance ratios, as well as on the lagged values of outcome 
variables. It also assures that improvements occur on a high number of covariates. For these 
reasons, we will use two controls for each treated firm. 
 

6.2 How credible is the unconfoundedness assumption? A simple robustness check 
The unconfoundedness assumption is not directly testable. Nevertheless, the literature has put 
forward some approaches to assess its plausibility. The approach we take is based on the idea of 
testing the null hypothesis that an average effect is zero, when it is known that this average effect 
is indeed equal to zero. If the null hypothesis is rejected, this may suggest weak support for the 
unconfoundedness assumption (Imbens and Wooldridge, 2009). The effect should definitely be 
zero if we try to estimate it on a variable known to be unaffected by the treatment, because its 
value is determined prior to the treatment itself. If we find a non-zero effect, this must be due to 
the fact that the observations under treatment are (still) different from (matched) controls prior to 
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treatment, probably because of the action of some unobserved (and therefore omitted) variables 
that play a role in the assignment to treatment. Instead, statistical evidence of a zero effect makes 
the unconfoundedness assumption more credible. This kind of test has more power if the 
variables on which we estimate the pseudo effect are clearly related to the outcome of interest, 
such as values of lagged outcomes. We will implement this strategy by using as pseudo-outcome 
the first lagged value of the outcome variables on which we will also estimate the effects of the 
program. First, we estimate the propensity score conditional on the second lagged value of the 
outcome variable (but of course not on its first lagged value), as well as on all remaining 
covariates observed both one and two years prior to treatment. For the reasons already discussed 
in Section 5, we then employ the bias-corrected matching estimator using the propensity score as 
a metrics and implementing the bias adjustment using the second lagged value. 
Results are shown in table 3(a). No evidence of a non-zero effect is found, so that we can 
conclude that it is very plausible that the pseudo-outcomes are independent of treatment, given 
the set of remaining covariates. The set of covariates we have adjusted for appears to be sufficient 
to make the two groups of treated and controls comparable, because an effect known to be zero is 
effectively found to be zero. Taking a more economic approach, this evidence supports, for 
example, the idea that the expectation of future treatment has not led firms to anticipate behaviors 
and outcomes that the program was intended to foster, which would have represented a clear 
violation of the unconfoundedness assumption.  
 

6.3 For whom is the program effective? 
The main results of our analysis are displayed in Table 3(b). They were estimated using the bias-
corrected matching estimator (Abadie and Imbens, 2011), adjusting – case by case – for the first 
and second lagged pre-treatment values of the outcome variable. Exact matching was forced for 
three binary variables which are particularly relevant in the following analysis: the fact that firms 
had performed or not any R&D in the years preceding the program, in order to account for the 
inducement effect discussed for example in González et al. (2005), Czarnitzki and Licht (2006) 
and González and Pazó (2008) (based on this variable we will henceforth distinguish between 
R&D performers and nonperformers); the fact that firms had already (or had not) previous 
experience in product innovation, and, finally, whether the industry to which the firm belongs is a 
R&D or knowledge intensive one according to the OECD classification (the dummy takes the 
value of 1 if the firm belongs to medium-to-high or high tech manufacturing, or to KIBS, and 
zero otherwise). 
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Table 3 – Pseudo ATTs (a) and ATTs (b) on all treated firms  

  (a) prior to treatment  (b) after treatment 
  pseudo ATT -1 Std. Err. P>z ATT  Std. Err. P>z
    
total employees 0.978 0.814 0.229 1.589  2.160 0.462
graduated employees -0.099 0.211 0.638 1.237 * 0.737 0.093
R&D personnel -0.070 0.229 0.762 0.638 * 0.379 0.092
R&D investment (th. of Euros) 0.107 8.695 0.990 28.118 * 16.604 0.090
turnover (th. of Euros) 98.480 481.157 0.838 597.804  645.994 0.355
IPRs -0.013 0.070 0.858 0.038  0.081 0.636
collaborative inter-firm innovation (1/0) -0.020 0.024 0.394 0.012  0.029 0.667
technology transfer (1/0) -0.028  0.031 0.365  0.042   0.039 0.274
Note to table 3: Number of treated firms: 120. N. of controls matched to each treated firm: 2 (with replacement). Exact matching by individual 
R&D history (1/0), individual experience on product innovation (1/0), industry R&D intensity (1/0): 100% achieved. Bias adjustment 
implemented on the 1st (in a and b) and 2nd (in b) lagged values of outcomes. Significance legenda: *** Significant at 1% level; ** at 5%; * at 
10%; non significant otherwise. 

 
 
As can be seen in table 3(b), the program has led to overall positive effects (significant at 10% 
level) for beneficiary firms only in terms of three outcomes, but these are not of minor 
importance. Treated SMEs have, about 1.5-2 years after the completion of the subsidized project: 
1.2 graduated employees; 0.6 stable R&D employees; and invest 28 thousand Euros in R&D 
more than controls. With respect to the pre-treatment situation, the program caused a 54% 
increase in the graduated employees, a 16% increase in the R&D personnel, and a 14.5% increase 
in the R&D investment of treated firms. This finding suggests that the program has effectively 
contributed to the upskilling of firms, and to the shaping of some important prerequisites for 
absorptive capacity. Moreover, it has raised the firms’ propensity to R&D over time. The effects 
on graduated and on R&D employees occur without a parallel effect on the total number of 
employees. This might have happened for the following reason: despite treated firms and controls 
have experienced a similar variation of employees, the firms that have benefited from the subsidy 
have replaced some unskilled or R&D-unspecialized employees (for example when these latter 
have retired) with more skilled and specialized ones.  
The program has not boosted some of the outputs that could derive – in the medium run – from a 
product innovation process, such as IPRs or turnover. Nor has the program enhanced the 
propensity of SMEs to conduct their innovation processes in cooperation with other firms or with 
universities. In summary, the analyzed program for SMEs has increased their human capital 
endowments and encouraged the non-transitory practice of intramural R&D.  
Let us now delve into these results to discover whether the effects have been heterogeneous 
across different types of firms. When performing this analysis, one has to choose which 
characteristics of the firms are likely to be associated with different magnitudes of the effects, 
drawing from theory or simply from common sense. For example, a characteristic frequently used 
for this purpose is the size of the firm, as smaller firms are believed to suffer from constraints 
with respect to finance, available competencies, and so on (see Section 2). As this study focuses 
on a small-business program, a distinction based on firm size makes very little sense. Instead, it 
may be much more interesting to go deeper into some other specificities of SMEs. 
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A major distinction accounts for the type of the firm’s previous innovation experience and for 
whether the firm was an R&D performer or not prior to the program. A firm having already 
experienced product innovation (i.e. the type of innovation promoted by the program) could be 
already further down the learning curve than a firm whose innovation experience does not exist 
or is focused on process (Cohen and Levinthal, 1989). Therefore we could expect higher effects 
for the former. However, past innovation experience does not necessarily imply that firms used to 
perform any formal R&D prior to the subsidy (see for instance the innovation without R&D issue 
recalled in Section 2). If the firm used to be a non R&D performing one, then one could expect 
that the subsidy has made the difference. 
Table 4 shows what effects can be found in each of the four sub-populations derived from cross-
classifying firms on innovation experience and R&D history.  
 

Table 4 - ATTs on all sub-populations of treated firms identified on the basis of their previous R&D and innovation 
strategy 
  R&D history, experience on product innovation  R&D history, no experience on product innovation 
 ATT  Std. Err. P>z ATT  Std. Err. P>z
     
n. of treated firms 72  23   
pct of exact matches 100%  100%   
graduated employees 0.913 * 0.528 0.084 0.885  0.714 0.215
R&D personnel 0.490  0.491 0.318 0.219  0.654 0.738
R&D investment (th. of Euros) 46.911  29.112 0.107 -21.112  29.159 0.469
         
 No R&D history, experience on product innovation No R&D history, no experience on product innovation 
 ATT  Std. Err. P>z ATT  Std. Err. P>z
     
n. of treated firms 13  12   
pct of exact matches 100%  100%   
graduated employees 0.423 ** 0.176 0.016 5.667  5.964 0.342
R&D personnel 2.077 ** 1.008 0.039 2.083 ** 0.844 0.014
R&D investment (th. of Euros) 73.170 ** 35.812 0.041 30.696 * 17.657 0.082
Note to table 4: N. of controls matched to each treated firm: 2 (with replacement). Exact matching by individual R&D history (1/0), individual 
experience on product innovation (1/0), industry R&D intensity (1/0). Bias adjustment implemented on the 1st and 2nd lagged values of 
outcomes. Significance legenda: *** Significant at 1% level; ** at 5%; * at 10%; non significant otherwise. 

 
These results clearly suggest that inducement to R&D has occurred for nonperformers, and this 
does not appear to be a transitory result since, well after the completion of the subsidized project, 
former nonperformers are still investing in R&D and allocating personnel to R&D departments. 
Not surprisingly, these effects tend to be higher if firms were used to carry out product 
innovation (although without R&D) than in the case of product innovators or non innovators. 
On the contrary we find no evidence of such effects for former R&D performers, with the only 
exception of some increase in the number of graduated employees if these same R&D performers 
were already used to product innovation. This last evidence is however consistent with the fact 
that the program has boosted the upskilling of all product innovators in the medium run, 
regardless of whether they were R&D performers or not. Finally, no positive effect can be found 
in the presence of former R&D-investing firms characterized by a process innovation experience: 
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in this case we must conclude that the program has not altered the firm’s R&D and innovation 
strategies in a systematic way. 
 

7. Concluding remarks 
In this paper, we have evaluated a program which provides SMEs with small-size R&D 
incentives to carry out product innovation. The program had no specific sectoral or technological 
target and did not reflect a picking-the-winner strategy. Instead, it responded to a much more 
inclusive strategy, which is far from being uncommon in many small-business programs that try 
to encourage SMEs to approach R&D or to do it in a more continuous and organized way, in 
order to upgrade their competitiveness in the medium or long run. In fact, the program saw the 
participation of firms belonging to a wide sectoral spectrum, including low-technology industries. 
In order to evaluate what kind of returns a program of this kind is likely to bring over time, we 
have focused only on the medium-term effects of the subsidy, i.e. on outcomes achieved after the 
completion of the subsidized project. Our findings suggest that small-size R&D subsidies may 
bring some interesting effects. We find that subsidies induce former nonperformers of R&D to 
approach this practice and pursue an innovation model that enduringly relies on R&D. Further 
positive effects refer to the upskilling of SMEs connected to the hiring of a better educated labor 
force. In our view, these are effects of no minor importance, as they reinforce prerequisites for 
the development of absorptive capacity. Our results add to a handful of previous works that find 
so-called inducement effects (including González et al., 2005; González and Pazó, 2008). These 
studies, however, analyze short-term effects and do not focus on small-business programs. In 
parallel, we find no further systematic effect on innovation outputs or other firm performance 
indicators. This suggests that a longer-term perspective should be taken in order to verify whether 
the R&D induced by the program is able to bring to a better economic performance or to firm 
growth. 
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Appendix 
 
Table A – The variables used in the analysis 
Variable Type of variable Variable 

description 
Source Used in matched 

sampling phase 
Used in final p-
score and matching 

Used as  
outcome variable 

Firm 
characteristics 

      

age, age squared continuous, 
observed 

age of firm one year 
prior to the subsidy 

Statistical archive of 
active firms 

p-score, year (-1) p-score, year (-1)  

legal form categorical, 
observed 

Ltd/LLC; 
plc/corporation; 
other 

Statistical archive of 
active firms 

exact matching p-score, year (-1)  

group dichotomous, 
observed 

dummy that takes a 
value of 1 if the firm 
participates in a 
business group 

interview  p-score, year (-1)  

employees continuous, 
observed 

number of 
employees 

Statistical archive of 
active firms 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

Yes 

graduated 
employees 

continuous, 
observed 

number of graduated 
employees 

interview  p-score, years (-2) 
and (-1) 

Yes 

R&D personnel continuous, 
observed 

number of 
permanent R&D 
employees 

interview  p-score, years (-2) 
and (-1) 

Yes 

R&D investment, 
also squared and 
cubed 

continuous, 
observed 

investment level in 
Euros 

interview  p-score, years (-2) 
and (-1) 

Yes 

R&D history dichotomous, 
observed 

dummy that takes a 
value of 1 if the firm 
has never performed 
R&D before  

interview  exact matching  

previous IPRs continuous, 
observed 

number of 
applications for 
patents, copyrights 
and industrial 
designs filed to any 
Authority 

interview  p-score, from year (-
3) to year (-1) 

 

IPRs continuous, 
observed 

yearly average of 
applications for 
patents, copyrights 
and industrial 
designs filed to any 
Authority in the 
three years 
following the 
completion of the 
project 

interview   Yes 

innovation 
experience 

categorical, 
observed 

=1 if firm has 
previous experience 
mainly on product 
innovation; 2= 
process innovation; 
3= no innovation 
experience 

  p-score, up to year 
(-1) 

 

product innovation dichotomous, 
observed 

dummy that takes a 
value of 1 if the 
firm's previous 
experience is mainly 
focused on product 
innovation 

interview  exact matching  

collaborative inter-
firm innovation 

dichotomous, 
observed 

dummy that takes a 
value of 1 if the firm 
carries out 
innovation activity 
in collaboration with 
other firms 

interview  p-score, years (-2) 
and (-1) 

Yes 
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Variable Type of variable Variable 
description 

Source Used in matched 
sampling phase 

Used in final p-
score and matching 

Used as  
outcome variable 

technology transfer dichotomous, 
observed 

dummy that takes a 
value of 1 if the firm 
carries out 
innovation activity 
in collaboration with 
university 

interview  p-score, years (-2) 
and (-1) 

Yes 

own trademark dichotomous, 
observed 

dummy that takes a 
value of 1 if the firm 
has its own 
trademark 

interview  p-score, year (-1)  

tangibles Continua (oss) tangible assets/total 
assets, in Euros 

balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

intangibles continuous, 
observed 

intangible 
assets/total assets, in 
Euros 

balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

labor cost continuous, 
observed 

labor cost per 
employee, in Euros 

balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

labor productivity continuous, 
observed 

value added per 
employee, in Euros 

balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

TFP continuous, 
estimated 

total factor 
productivity, 
estimated using all 
Tuscany's firms but 
separately for each 
two-digit NACE 
sector, according to 
the methodology 
proposed by 
Levinsohn and 
Petrin (2003) 

balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

export share continuous, 
observed 

export/turnover, pct 
share 

customs files and 
balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

turnover continuous, 
observed 

turnover in Euros balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

Yes 

ROI continuous, 
observed 

return on 
investments 

balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

ROS continuous, 
observed 

return on sales balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

ROA continuous, 
observed 

return on assets balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

default index continuous, 
estimated 

probability of 
default, estimated 
using all Tuscany's 
firms but separately 
for manufacturing 
and service sectors, 
according to the 
methodology 
proposed by Altman 
and Sabato (2007) 
for SMEs 

business registers 
held by Chambers 
of Commerce, 
balance sheets 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

cash flow continuous, 
observed 

Cash flow/turnover balance sheet 
(AIDA) 

p-score, years (-2) 
and (-1) 

p-score, years (-2) 
and (-1) 

 

       
Sector 
characteristics 

      

sector  categorical, 
observed 

two-digit NACE 
sector to which the 
firm belongs 

balance sheet 
(AIDA) 

exact matching p-score  

competition continuous, 
estimated 

average 2002-2004 
Lerner index 
relative to each 
three-digit NACE 

balance sheets 
(AIDA) and OECD 
classification 

p-score p-score  
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Variable Type of variable Variable 
description 

Source Used in matched 
sampling phase 

Used in final p-
score and matching 

Used as  
outcome variable 

sector, estimated 
using all Italian 
firms 

medium-high to 
high tech 

dichotomous, 
observed 

dummy that takes a 
value of 1 if the 
three-digit NACE 
sector is medium-
high to high tech 
manufacturing, or 
KIBS, according the 
OECD classification

balance sheets 
(AIDA) and OECD 
classification 

p-score exact matching  

Territorial 
characteristics 

      

MHtech share continuous, 
observed 

share of employees 
in medium-high to 
high tech 
manufacturing in the 
Local Labor System 
(LLS) to which the 
firm belongs 

Italian National 
Institute of Statistics 
data 

p-score p-score, year (-1)  

KIBS continuous, 
observed 

share of employees 
in knowledge-
intensive business 
services (KIBS) in 
the Local Labor 
System (LLS) to 
which the firm 
belongs  

Italian National 
Institute of Statistics 
data 

p-score p-score, year (-1)  

Ob2_tot dichotomous, 
observed 

dummy that takes a 
value of 1 if the 
municipality to 
which the firm 
belongs is totally 
"Objective 2" 
according to EU 
2000-06 legislation 

EU legislation p-score p-score, year (-1)  

Ob2_part dichotomous, 
observed 

dummy that takes a 
value of 1 if the 
municipality to 
which the firm 
belongs is partially 
"Objective 2" 
according to EU 
2000-06 legislation 

EU legislation p-score p-score, year (-1)  

 


