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1. Introduction

A large and continually expanding body of literature has examined public subsidy
programs designed to foster business research, development, and innovation (R&D)!
from multiple perspectives, exploring their effects across a wide range of countries and
employing diverse methodological approaches. Empirical studies have traditionally
assessed the effectiveness of these instruments by estimating their impact on firms’ R&D
investments. In general, such analyses rest on the assumption that public subsidies are
effective when they induce additional private R&D expenditure (see reviews by Zufiiga-
Vicente et al., 2014; Becker, 2015; and Dimos and Pugh, 2016).

From a methodological point of view, most of this literature has estimated the impact of
public subsidies in terms of a single average treatment effect based on a binary distinction
between firms receiving and not receiving support (Bellucci et al., 2019; Acebo et al.,
2022; Heijs et al., 2022). However, the effect of public subsidies may vary depending on
the amount of subsidy received, i.e., the “‘dose’ of the treatment.

The existing studies that apply a framework to account for the full distribution of subsidy
levels are still scarce and find heterogeneous results, reflecting differences in national
contexts and the specific features of the subsidy program (Dai and Cheng, 2015; Marino
et al., 2016; Cerulli and Poti, 2016; Nilsen et al., 2020; Cerulli et al., 2022; Kiman and
Jongmin; 2022). Nonetheless, they consistently confirm the non-linearity of the effect of
financial aid intensity on firms’ R&D efforts or outcomes. In many cases, the shape of the
relationship between the subsidy amount and R&D investment is inverted U-shaped,
which points to the existence of a threshold at which the direction of the effect shifts. This
evidence raises the question of whether there exists an optimal subsidy level that
maximizes its impact on net R&D investment, defined as business R&D spending net of
public subsidy funding. Furthermore, it is worth considering whether such an optimal
level of subsidy, if any, varies according to firm size.

In the case of selective public subsidies, the amount of the R&D grant is typically directly
related to the scale of the funded project, which in turn tends to be associated with firm
size.? In this context, an important question is whether the subsidy rate should be uniform
across project sizes or instead higher for smaller projects or firms, since firms of different
scales face distinct strengths and weaknesses that shape both barriers to R&D investment
and the effectiveness of innovation policy interventions (Hewitt-Dundas, 2006; Akcigit,
2009; Ortega-Argilés et al., 2009).

In this regard, previous evidence mostly suggests that smaller firms respond more
positively than larger firms to support policies in terms of net R&D expenditure (Becker,
2019; Bloom et al., 2019). However, studies that explicitly place firm size at the centre of

! Throughout the paper, we use the term R&D to encompass firms’ research, development, and innovation
activities.

2 Following Colombo, Grilli, and Murtinu (2011), we classify a subsidy as “selective” if it is a public
subsidy allocated through a competitive mechanism that entails an ex ante assessment of the firm’s R&D
project by the public agency.



the analysis of heterogeneity—as opposed to treating the number of employees merely as
a control variable—present more nuanced findings.® These studies mainly test whether
the average treatment effect on the treated differs between SMEs and large firms. For
instance, Gonzalez and Paz6 (2008), Huergo and Moreno (2017) and Criscuolo et al.
(2019) find that the positive effects of subsidies are more pronounced among SMEs than
larger firms, whereas Afcha and Quevedo (2016) find stronger effects on inputs among
larger firms. Herrera and Sanchez-Gonzalez (2013), who distinguish among small,
medium, and large firms, conclude that public policies are effective for the first two
groups but not for the largest firms. None of these studies accounts for the amount of
subsidy awarded to the firms when analysing the impact of this instrument of public
support.

In practice, following the General Block Exemption Regulation (GBER), most European
countries include in their national programs maximum subsidy rates that differ depending
on company size. Some examples are the Innovative UK Smart Grants programme, the
BPiFrance programme, the Enterprise Ireland R&D fund or Business Finland funding
programmes, which establish lower maximum rates for large firms. In other countries, the
firm-size dimension is addressed through R&D grant schemes specifically targeted at
SMEs, such as the Small Business Innovation Research (SBIR) and Small Business
Technology Transfer (SBTR) programmes in the United States, the Central Innovation
Programme for SMEs (ZIM) in Germany, or the National Research Council of Industrial
Research Assistance Program (NRC IRAP) in Canada.* This underscores the interest in
examining not only whether public subsidies generate additional private investment, but
also whether the amount or intensity of such aid affects net R&D investment differently
depending on firm size.

The aim of this study is to contribute to the existing literature by integrating these
dimensions. First, we estimate the causal response of firms’ net R&D expenditure to the
amount of subsidy received and examine whether there is a threshold beyond which the
subsidy no longer generates positive effects. Second, we perform this analysis across four
firm-size groups to assess whether the optimal level of subsidy—if it exists—differs
among small, medium-sized, large, and very large firms. Specifically, we classify firms
as ‘small’ if they employ 49 or fewer workers, ‘medium-sized’ if they employ between
50 and 249, ‘large’ if they employ between 250 and 499, and ‘very large’ if they employ
more than 500. This classification allows for a systematic comparison that extends beyond
the size groups used in previous studies. To the best of our knowledge, no prior study has
simultaneously examined these dimensions—continuous treatment, non-linear effects,
and size heterogeneity.

3 Among these studies, some choose to focus exclusively on SMEs, which precludes comparisons with
other segments (Bellucci et al., 2019, Tingvall and Videnord, 2020).

4 For further details, see European Commission (2014), UK Research and Innovation (n.d.), BPiFrance
(n.d.), Enterprise Ireland (n.d.), Business Finland (n.d.), National Research Council (2008), BMWi —
Federal Ministry for Economic Affairs and Energy (n.d.), and National Research Council Canada (n.d.).
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This analysis represents a step forward in the evaluation of innovation policy as it offers
a more precise understanding of the effects of public financial support on recipient firms.
Moreover, it provides useful insights for policymakers, enabling them to more accurately
determine the appropriate level of funding to allocate depending on the size of the firm
applying for support.

To conduct this research, we use data on Spanish manufacturing firms from the Survey
on Business Strategies (Encuesta Sobre Estrategias Empresariales, ESEE), which covers
the entire Spanish territory from 2008 to 2018. Our objective is to assess the impact of
public subsidies on beneficiary firms, drawing on a dataset that comprises 1,996
observations of firms that received subsidies for R&D activities.

Methodologically, to address the potential selection problem associated with estimating
the causal response to the treatment dose, we adopt a two-step strategy. First, we use
entropy weights as a pre-processing method for the sample of treated firms (i.e., those
that receive subsidies intended to promote R&D). Entropy weighting involves a
reweighting scheme that assigns a scalar weight to each treated unit in the sample so that
the covariates in the model are balanced, meaning that their distribution is similar across
all levels of the treatment. Second, we use these weights to estimate both parametric and
non-parametric dose-response functions (DRF) in order to enhance the robustness of the
results obtained.

Our results confirm the existence of a non-linear relationship between the level of
subsidies and net R&D expenditure, which holds for small, medium-sized, and large
firms, but not for very large ones, which display a negative and linear pattern. For the
former groups, this relationship takes a concave (inverted U-shaped) form. We also find
that the public funding share of R&D expenditure at which the positive effect of subsidies
peaks—and beyond which it begins to diminish—declines markedly with firm size. This
suggests that support schemes should apply progressively lower maximum subsidy rates,
rather than simply differentiating between SMEs and larger firms. Furthermore, the
effects of subsidies also vary within both the SME and large-firm categories, indicating
that a more finely tuned calibration of funding intensity is required.

Our paper contributes to the recent literature applying DRF approaches to examine the
effects of R&D subsidies as a function of the amount of public support received by firms
(Nilsen et al., 2020; Cerulli et al., 2022; Kiman and Jongmin, 2022). However, previous
studies differ from ours in several important respects. First, we model the dose as a
genuinely continuous variable, whereas Nilsen et al. (2020) and Cerulli et al. (2022)
discretize subsidy intensity into quartiles and deciles, respectively. Although Kiman and
Jongmin (2022) also adopt a continuous specification, they balance covariate
distributions across treatment levels using a Generalized Propensity Score, whereas our
entropy-weighted preprocessing approach proves to be more effective (\Vegetabile et al.,
2021). Second, we focus on firm size as the key source of heterogeneity in the policy’s
effects, whereas Kiman and Jongmin (2022) restrict their analysis to SMEs. In the case
of Nilsen et al. (2020), the emphasis is on firms’ prior innovation trajectories, while



Cerulli et al. (2022), although considering some contextual factors, do not introduce
explicit firm-level differentiators. Moreover, these two studies focus on the impact of
public subsidies in terms of output additionality, whereas our analysis concentrates on the
input side of R&D activities.

A further novelty of our analysis is that we provide evidence across the whole firm-size
spectrum—rather than focusing solely on SMEs or applying two broad sample cuts—
thereby uncovering systematic size-related heterogeneity. Finally, we identify group-
specific interior optima, approximating the threshold subsidy level at which the effect
peaks for each size group, which provides actionable guidance for calibrating subsidy
intensity by firm size.

The paper is structured as follows. The next section reviews the literature on the
advantages and disadvantages that firms of different sizes have when undertaking
innovation activities and how these characteristics may influence the impact of subsidies
on net R&D investment. The subsequent sections describe the methodology employed,
the institutional framework of the subsidy schemes and the source of information. Finally,
Sections 5 and 6 present the results and outline the main conclusions.

2. Firm Size: Innovation, Financial Constraints and the Amount of
Public Support

One of the main justifications for public intervention to promote R&D is the correction
of market failures that constrain firms’ ability to initiate or maintain innovative projects,
thereby creating a negative gap between the socially optimal and the private level of
investment (Nelson 1959; Arrow 1962; Bloom, 2019).° A firm’s size plays a crucial role
in understanding this issue as different barriers to closing this gap may arise depending
on firm size. These include the availability of sufficient financial resources and
technological capabilities, absorptive and organisational capacity and the presence of
economies of scale and scope (Hewitt-Dundas, 2006; Akcigit, 2009; Ortega-Argilés et al.,
2009).

This debate has a long intellectual lineage in the Schumpeterian tradition. Schumpeter’s
early work emphasised the entrepreneur and new entrants as primary drivers of
innovation, whereas his later perspective highlighted the role of large, established firms
leveraging scale and accumulated knowledge to sustain innovation-led competition
(Schumpeter, 1934; 1942). Building on this legacy, evolutionary and sectoral analyses
distinguish between Schumpeter Mark I, where innovation is decentralised, driven by
entrants and smaller firms in turbulent environments with low entry barriers, and
Schumpeter Mark 1, where innovation is concentrated within large incumbents that
benefit from economies of scale, accumulated capabilities and stronger appropriability

5 Some authors extend this view by emphasizing that public financing of innovation is not only intended to
compensate for private underinvestment, but also to create and shape markets along the innovation chain
(Mazzucato and Semieniuk, 2017).



regimes (Pavitt, 1984; Breschi et al.,, 2000). This distinction underscores that the
relationship between firm size and innovation is not universal but depends on the
technological regime, the structure of opportunities and the extent of knowledge
cumulativeness in each sector.

Consistent with these Schumpeterian patterns, organisational dynamics also change with
firm size, shaping how innovative processes are structured and executed within firms. In
organisational terms, as firms grow, they tend to lose managerial and structural flexibility.
At the same time, innovation processes within the firm become increasingly formalised,
making knowledge transfer more difficult and delaying project execution (Vossen, 1998;
Keum and See, 2017). In smaller businesses, moreover, ownership and management are
often intertwined (Rothwell, 1989). Combined with a less bureaucratic innovation
environment (Ortega-Argiles et al., 2009) and behavioural advantages among employees
(Patterson and Kerrin, 2014). This suggests that smaller firms may be better positioned to
adapt to the innovation demands of the market and identify niche opportunities that allow
them to pursue innovation more efficiently given their available resources (Bellucci et al.,
2019).

These facts would imply that smaller firms tend to exhibit higher labour productivity in
innovation-related activities than their larger counterparts (Akcigit, 2009; Hall et al.,
2009), generating, ceteris paribus, increasing returns for each additional monetary unit
invested (Cohen and Klepper, 1992), especially in high-tech sectors (Kim, 2018). Along
these lines, authors such as Pavitt et al. (1987) and Hall et al. (2009) emphasise the R&D
capabilities of small firms, providing evidence of higher relative R&D expenditure. At
the same time, smaller firms tend to exploit their technological knowledge more
efficiently within the market for technology. This organisational orientation enhances the
economic use of patents and contributes to a more dynamic and accessible innovation
environment, in contrast to the more rigid and internally focused strategies typically
adopted by larger corporations (Gambardella et al., 2007).

Nevertheless, larger firms also benefit from several advantages, which are directly or
indirectly related to their access to financial resources for undertaking research and
development projects (Hall and Lerner, 2010; Meuleman and De Maeseneire, 2012). As
is well known, the presence of sunk and adjustment costs, together with the very nature
of this type of investment, typically requires substantial investment in fixed assets
(Athreye et al., 2021). In addition to financing the innovation project itself, firms may
also need resources to ensure the appropriability of the benefits generated by the
innovation (Hall and Lerner, 2010). First, they must cover the monetary costs associated
with patenting, such as administrative expenses for creating and maintaining a patent
portfolio, or the cost of hiring specialised personnel to manage this portfolio and assess
its market viability. Second, it is essential for firms to have access to physical and
logistical assets, including distribution and supplier networks, manufacturing and storage
infrastructure and marketing capabilities (Teece, 1986). Third, once the innovation is
commercialised, substantial capital is often required for complementary strategies, such
as brand development, trade secrecy, and advertising campaigns that target consumers
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(Cassiman and Veugelers, 2002). Meeting all these costs may be overwhelming for firms
with limited resources or no access to external finance (Hewitt-Dundas, 2006).

Taken together, these factors, along with the fact that innovation occurs in a dynamic and
uncertain environment, means that firms usually finance most of their R&D expenditure
with internal funds (Kamien and Schwartz, 1978). If external finance is needed, these
firms are generally able to turn to capital markets and make use of financial leverage
mechanisms in line with their resource capacity.

In this context, large firms not only have greater internal capacity to fund these
investments but also possess sufficient tangible assets to serve as collateral when seeking
loans in financial markets.® By contrast, smaller firms often face financial constraints due
to more limited internal resources and greater difficulty in accessing conventional
external finance.” In fact, recent evidence supports that SMEs are more reluctant to patent
their innovations compared to larger firms, due to cost barriers rather than issues related
to innovation quality or patent infringement (Athreye et al., 2021).

To summarise, with regard to R&D investment, smaller firms tend to benefit from
organisational and behavioural advantages, whereas firms with larger workforces
typically enjoy resource-related advantages (Rothwell, 1985). Furthermore, following
Hewitt-Dundas (2006) and Meuleman and De Maeseneire (2012), the financial and
logistical constraints faced by small firms are more difficult to overcome than the
limitations faced by large firms, such as a lack of internal staff experience or resistance
among employees to learning and adapting in order to implement new innovation
projects. As firms grow, they often experience a transitional phase in which increasing
organisational complexity and formalisation can reduce flexibility and slow decision-
making before scale-related innovation advantages fully materialise. Evidence shows that
expanding firms tend to introduce more structured routines and coordination layers,
which can support innovation implementation yet constrain early-stage exploration and
market adaptation (Damanpour and Aravind, 2012).

In this context, it is reasonable to assume that the impact of public financial support for
R&D also varies according to the size of the recipient firm as R&D subsidies may help
to alleviate firms’ financial constraints. This support can operate through both direct and
indirect channels.

Receiving public funding directly can ease the substantial financial burden required to
undertake innovation investment internally, reduce managers’ risk aversion and enhance
competitiveness in the firm’s market. As a result, such support may help increase the
number of SMEs willing to engage in innovation, enabling them to initiate their projects.

6 Usually, the most valuable assets of small innovative companies tend to be intangible assets (patents,
ideas, skilled personnel, etc.) that are difficult to use as collateral because of the lack of knowledge of
quantification by potential creditors (Meuleman and De Maeseneire, 2012). This fact can lead to a disparity
between the value of these assets for the companies and the loan granted (Fischer and Ringler, 2014).

" However, work such as that of Bellucci et al. (2023) shows that the patent ownership of companies can
attract other types of financing for innovation projects, such as venture capital financing.
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Evidence suggests that a significant proportion of firms would not carry out any form of
innovation investment without receiving a subsidy (Hall et al., 2009; Becker, 2015).

Public subsidies can also ease the financial burden of R&D projects through their
signalling effect, partly mitigating the problem of asymmetric information between firms
and private investors or credit institutions. This, in turn, facilitates access to external
finance for supported firms or significantly reduces its cost (Meuleman and De
Maeseneire, 2012). Furthermore, in periods of economic recession, public subsidies
aimed at promoting R&D in SMEs can be particularly effective, given that during such
periods, external financing tends to be redirected towards larger, more secure companies
(Grandi et al., 2024).

However, large established innovators typically plan recurrent and long-term R&D
activities as part of their strategic planning cycles. These firms often maintain sustained
and structured innovation efforts and respond to competitive pressures by investing in
R&D to consolidate technological leadership and strengthen their absorptive capacity for
innovation (Klette and Griliches, 2000; Griffith et al., 2004). As a result, public subsidies
may not necessarily trigger additional research expenditure, but instead risk replacing
private funds already committed to innovation (Heijs et al., 2020).

To date, the existing empirical evidence does not provide a definitive answer regarding
the relationship between firm size and the effects of R&D subsidies. While some studies
report stronger effects for smaller firms relative to larger ones (Gonzélez and Paz6, 2008;
Huergo and Moreno, 2017; Criscuolo et al., 2019), others find the opposite pattern (Afcha
and Quevedo, 2016). This apparent inconsistency may partly stem from treating firms
dichotomously as either SMEs or large firms. As argued throughout this section, although
these groups share certain similarities, there are reasons to expect distinct innovation
patterns across the firm-size distribution and, therefore, also to observe different uses and
impacts of public support.

This study aims to shed light on this issue by distinguishing four firm-size categories—
small, medium-sized, large, and very large firms—rather than adopting the conventional
dichotomy between SMEs and non-SMEs. No specific hypotheses are proposed regarding
the impact of R&D subsidies within each firm-size group; instead, the analysis is intended
to be exploratory, allowing the data to speak for themselves so that the findings may serve
as a foundation for future research.

3. Methodology

As previously discussed, a continuous treatment refers to a situation in which all units
receive the same type of treatment, but at a different level (intensity or amount). At
present, there are several methodological procedures that address the estimation of a
dose-response function, that is, a function that characterizes the relationship between the
treatment dose and the outcome variable of interest. Among these, notable approaches
include the Generalized Propensity Score (Hirano and Imbens, 2004), the Generalized
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Boosted Modeling approach (Zhu et al., 2015), the doubly robust estimation for
continuous treatments (Kennedy et al., 2017), and the Entropy Balancing for Continuous
Treatments method (TUbbicke, 2020, 2022).

The primary aim of these methodologies is not to estimate the ‘level treatment effect’,
understood as the difference between the potential outcome for a unit treated at a specific
dose and the outcome it would have had in the absence of treatment (Callaway et al.,
2024). Instead, the focus lies on estimating the causal response, that is, the change in the
potential outcome that results from a variation in the treatment dose.

However, in estimating this causal response, a potential selection problem may arise, as
receiving a specific level of support likely depends on other covariates—in our
framework, firm characteristics—that also influence the outcome variable. Since the
treatment variable is continuous, it may span a wide range of values, which can introduce
inconsistencies when comparing treated firms that receive different doses. This
dimensionality problem of confounding factors becomes more pronounced as the number
of treatment levels increases, leading to a progressive loss of precision in estimating the
relationship with the outcome variable, a well-documented trade-off (Lechner, 2001;
Crump et al., 2009).

To address this challenge, the aforementioned methodologies aim to optimise covariate
balance—that is, to reweight the sample observations so that the conditional means of the
covariate, namely the mean of each covariate conditional on the treatment level, are
balanced across different levels of the treatment. By adjusting the observation weights,
the covariates become effectively independent of the treatment in the weighted sample,
thereby approximating the conditions of a randomized assignment.

In most cases, these methods involve reprocessing or weighting sample observations in
such a way that the correlation between the treatment dose and each covariate is
minimised while preserving the original marginal distributions required for valid
inference. For this study, we employ Entropy Balancing for Continuous Treatments
(EBCT), in which weighting is performed using entropy-based weights.

Accordingly, our estimation procedure involves two main steps. First, entropy weights
are calculated and used to pre-process the treated sample based on the covariates, which
capture the characteristics of the firms under study. Second, these entropy weights are
applied to the estimation of the dose—response function. These two steps are explained in
detail below.

3.1 Entropy Weights in a Continuous Treatment Framework

Entropy balancing for continuous treatments is a pre-processing procedure that involves
selecting balancing weights, w;, for each observation i so that they deviate as little as
possible from a set of base weights, g;, according to an entropy-based distance metric. At



the same time, they achieve zero correlation between the treatment variable and the
covariates in the reweighted sample.

Formally, following Tubbicke (2022), this requires solving the following optimisation

problem:®
min H(w) = Z w; In <&>
w qi

i|T;>0

s-t.: Xyrsowig(®@, Xy, T) = 0 [1]

Z Wi=1Wi>O VllTl>0

i|T;>0

where H(w) is the loss function to be minimised, T; is the treatment variable and X; is
the vector of covariates that may affect both the treatment and the outcome variables. In
this case, the loss function, which measures the distance between the distribution of the
estimated weights W = [w;, . . ., wy, ] and the base weights given by the vector Q =[gq;, .
. Qno ], 1S the entropy divergence function (Kullback, 1959).

. R R R 1 R
In our study, the base weights are uniform across all observations, i.e., q; = ~ where N is

the number of treated observations. Based on this criterion, the balancing weights are
chosen so as to deviate as little as possible from the reference weights while achieving
zero correlation in the reweighted sample. In other words, the weights that satisfy the
constraints of this optimisation problem simultaneously preserve the unconditional means
of the treatment and covariates and also eliminate the correlation between the treatment
variable and the covariates.

In the constraint of the optimisation problem, g(p, X;, T;) = [X{, Ty, TV X[ - Ty X{
T.p]' Is a vector that may include higher-order terms p of the treatment variable and its

L
interactions with the covariates. In our estimations, we use a second-order specification.
By incorporating second-order terms, we approximate the independence between T; and

X; more closely, thereby reducing potential sources of bias.

Correct identification of the model using this methodology relies on the fulfilment of the
following assumptions. First, the Conditional Independence Assumption (ClIA)—also
known as the assumption of selection on observables—must hold. That is, given a set of
covariates, the potential outcomes must be independent of the treatment dose. In this way,
if the covariates are balanced across different levels of the treatment, any observed
differences in outcomes can be attributed solely to the treatment.

To assess this assumption, we examine the R-squared values of the model’s independent
variables before and after entropy balancing (Tubbicke, 2023). A low R-squared suggests
that the proportion of variance in the covariates is not systematically related to the

8 To simplify notation, the expressions assume that the treatment amount and covariates are standardised to
zero mean.
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treatment, thereby supporting the plausibility of conditional independence (Austin, 2019;
Tubbicke, 2023).

Secondly, the Stable Unit Treatment Value Assumption (SUTVA) must also be satisfied.
This assumption states that the outcome for each unit depends solely on its own treatment
level.

According to the literature, the use of entropy weighting offers several advantages. First,
it allows for the extension of the lack of correlation between covariates and the treatment
variable to higher-order sample moments and can yield notable improvements in terms of
reducing both mean squared error and bias when used in conjunction with dose—response
functions (Tubbicke, 2022). Second, entropy weights can eliminate many forms of bias
in observational studies and are particularly effective compared to other statistical
inference techniques, such as the Generalized Boosted Modelling approach, the
Generalized Propensity Score (GPS), and Ordinary Least Squares (OLS) regression
implemented through an inverse probability weighting scheme (Vegetabile et al., 2021).
Third, entropy weighting can substantially reduce coverage error in survey-based
datasets® (as in our case), thereby enhancing the reliability of subsequent statistical
inference (Watson and Elliot, 2016).

3.2 Dose—Response Function

Once the entropy weights have been obtained, we proceed to estimate the dose-response
function using the sample reweighted with using these balancing weights. Note that, in
this second step, the covariates are not included as additional explanatory variables in the
specification of the dose—response function; this is because they have already been
accounted for in the computation of the entropy weights applied to obtain the reweighted
sample.

The dose-response function can be estimated using both parametric and non-parametric
methods. To assess the robustness of our results, we employ three different approaches:
OLS regression, Tobit censored regression and local polynomial regression. In the first
two procedures, which are parametric, following the results in previous literature (Dai
and Cheng, 2015; Nilsen et al., 2020; Cerulli et al. 2022; Kiman and Jongmin; 2022), we
include a quadratic term for the treatment variable to test for U-shaped or inverted U-
shaped relationships between treatment and outcome and to identify the treatment dose at
which the direction of the effect changes, if any. Specifically, the model estimated by OLS
is:

EYiIT] = ap+ ayT; + a,T? + ¢ [3]

® Coverage error is the error that occurs when certain elements of the population under study are not
included in the sample selection process.
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where E[Y;|T;] represents the expected value of the dependent variable Y; given the value
of the treatment variable T;, and ¢; represents the error term.

The choice of the second methodology—the censored Tobit regression—is driven by the
definition of the outcome variable, which in our analysis is the logarithm of net R&D
expenditure. This variable presents in our sample a small portion of zero observations,
which are associated with theoretically implausible negative values for net R&D
expenditure, that are replaced with zero when applying the logarithmic transformation to
avoid attrition. As explained in the following section, this issue arises primarily because
of a timing mismatch between the awarding of the subsidy and its accounting by the firm.
For this reason, we choose to censor the lower bound of the sample, restricting it to strictly
positive values of the outcome variable, such that:

_(YifY >0
i_{Oiflfi*SO 4

Finally, we use a second-degree local polynomial regression, which is a non-parametric
approach that allows for a more flexible estimation of the functional relationship between
the treatment variable and the observed outcome. This method is based on a locally
weighted linear regression, in which a polynomial of order 2 is fitted around each point
of the treatment variable using nearby observations. To implement this local fitting, a
kernel weighting function is applied — in our case, the Epanechnikov kernel — which
determines how weights are distributed within a certain neighbourhood around the
treatment value being estimated. The size of this neighbourhood is controlled by a
bandwidth parameter, which is selected through an asymptotically optimal data-driven
method.

All these methods are applied to the full sample as well as separately to groups defined
by firm size, in order to examine whether the relationship between the treatment dose and
the outcome variable varies across firm sizes.

It is worth noting that, although the data used in the analysis cover the period 2008-2018,
the equations presented above do not include a time subscript as the data are treated as a
pooled sample. This implies that the impact of the R&D subsidies is measured in the same
year in which the firm is treated. As we explain in the following section, this decision is
based on the fact that treated observations are unevenly distributed across years and firm
size groups, making the use of panel data techniques unfeasible.

For the same reason, we also exclude the use of a difference-in-differences (DiD)
methodology from this study. In our case, dividing the data into different periods and
groups to perform a DiD analysis may lead to issues related to insufficient observations,
resulting in biased estimates, limited predictive power, or both (Brewer et al., 2018).
Second, there is no specific period within the sample that would allow us to study the
before-and-after effect of a particular public subsidy as the subsidy system was in place
throughout the entire study period. Lastly, to the best of our knowledge, there is no
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statistical method that allows for the integration of entropy weights with DiD estimations
in the context of continuous treatments.

4. Institutional Framework and Data Sources
4.1 Spanish Institutional Context

As in many other European countries, Spanish firms have had access to both direct and
indirect instruments of public financial support for business R&D since the early 1980s.
However, the design and implementation of these policy instruments have evolved
significantly over time.

Regarding indirect support, the Spanish R&D tax system has followed a mixed design
that combines deductions based on both total (volume-based) and incremental R&D
expenditure (OECD, 2023; Appelt et al., 2020). The scheme applies to most costs
associated with R&D investment, including personnel, raw materials, externally
contracted R&D, and asset depreciation. In 2007, tax credit rates were reduced relative to
previous years, although new mechanisms were introduced to further stimulate
innovation. Since 2013, firms have been allowed to monetize or request refunds for
unused tax credits, provided they meet certain conditions such as maintaining
employment levels and reinvesting in R&D activities. Additionally, in 2014 a 40%
reduction in social security contributions was introduced for research staff, reinforcing
non-fiscal incentives for R&D employment (Government of Spain, 2014). Firms
receiving R&D subsidies may still claim tax credits for eligible expenditures.
Collectively, these measures aim to sustain fiscal support for research while ensuring
consistency with broader national budgetary and EU policy frameworks.

In terms of direct support, between 2008 and 2018, three national R&D plans were
implemented, covering the intervals 2008-2011, 2013-2016, and 2017-2020,
respectively (Ministry of Economy and Competitiveness, 2013). Across these plans, the
financing of business R&D projects by the Spanish central government was subject to an
ex-ante evaluation process for proposal selection and was channelled primarily through
the grant and partially reimbursable loan schemes managed by the Centre for the
Development of Industrial Technology (CDTI). In 2008, the direct funding provided by
the CDT]I to companies for the development of their R&D projects reached 917.29 million
euros, including R&D projects, aerospace projects, and CENIT initiatives (CDTI, 2008).

In parallel, another significant portion of public support was channelled through regional
calls for proposals framed within the European Regional Development Fund (ERDF)
Operational Programmes (2007-2013 and 2014-2020). During the second programming
period, the regions aligned their aid schemes with the Smart Specialisation Strategy
(R1S3), which in practice entailed EU co-financing rates of 50-80% and the adoption of
common requirements regarding traceability and outcome evaluation (European
Commission, 2012).
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This process of harmonizing eligibility and evaluation criteria across calls issued by
different public administrations had already taken an initial step in 2008, following the
entry into force of Commission Regulation (EC) No 800/2008 of 6 August 2008,
declaring certain categories of aid compatible with the common market under Articles 87
and 88 of the Treaty (known as the General Block Exemption Regulation, or GBER
2008). This regulation introduced a harmonized classification of eligible research and
development activities, subdividing R&D aid into industrial research, experimental
development, and feasibility studies.

The category of technological development previously used in many national and
regional programs (including those in Spain) was aligned with “experimental
development”, while the distinction between technological development and
technological innovation ceased to have a separate legal basis. Consequently, Spanish
administrations—both national and regional—adapted their calls for proposals, merging
the two categories into a single one referred to as “technological or experimental
development projects”, in accordance with the Commission’s definitions.

In particular, in 2008 the CDTI allocated approximately two-thirds of the total funding to
this new combined category, with grant intensities reaching up to 25% of project costs.
CDTI also began issuing official certifications classifying projects as either R&D or
Technological Innovation, thereby allowing firms to claim corresponding tax credits
directly—certifications that are binding for the tax authorities.

4.2 Database

The database used in this study is drawn from the Survey on Business Strategies
(Encuesta Sobre Estrategias Empresariales, ESEE), which provides annual firm-level
information on strategic decisions and capabilities, enabling longitudinal analysis of
Spanish manufacturing firms’ participation in public support programmes and their
effects. The survey is highly representative, as participation in the survey is mandatory
for all firms with more than 200 employees, while smaller firms are selected through
stratified sampling and represent approximately 5% of all national firms that have
between 10 and 200 employees.

Although the ESEE contains information dating back to 1990, we restrict the analysis to
the period 2008-2018. As described previously, eligibility and evaluation criteria of
Spanish subsidy programs have changed over time, which suggests exercising caution
when jointly considering observations of firms that have received subsidies at very
different points in time. In this regard, the greater harmonization of criteria brought about
by the implementation of the GBER 2008 suggests using year 2008 as the temporal
starting point for the analysis.

To analyse the effects by firm size, we group companies in this database into four
categories: ‘small’ (49 or fewer employees), ‘medium-sized’ (between 50 and 249
employees), ‘large’ (between 250 and 499 employees), and ‘very large’ (500 or more
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employees). This classification is consistent with the EU definition of SMEs (2020),
which builds on the European Commission’s 2003 recommendations on business size
categorisation. It also allows for easier comparisons with studies using other international
classification. For example, the U.S. Small Business Administration (SBA) defines firms
with fewer than 500 employees as small, and those above this threshold as large.

For our analysis, we consider all firms that received a subsidy in any of the years within
the period under study, regardless of whether they obtained the subsidy as a stand-alone
instrument or as part of a policy mix that also included other instruments of financial
support.’® The final sample consists of 1,996 annual firm-level observations, each
representing a treated firm in a given year. Accordingly, a firm may appear multiple times
in the sample, depending on the number of years in which it was treated.

Note that, as shown in Table 1, the distribution of firms by the number of consecutive
years receiving R&D subsidies and by size category is highly uneven. Firms participating
for at least two consecutive years represent only 46% of small firms, whereas the number
is around 75% for very large firms. For this reason, we treat the entire sample as a pooled
dataset. Introducing firm fixed effects in a panel data specification would imply losing
the information from firms that received support in only one year within the period under
study, which account for 41% of the sample (54% in the case of small firms). In terms of
the number of observations, the sample distribution is as follows: 14.2% correspond to
small firms, 44.2% to medium-sized firms, 18.4% to large firms, and 23.1% to very large
firms. This composition by firm size deviates considerably from that of the original
database, thereby precluding the estimation of a single dose-response function for the full
sample.

4.3 Model Variables

The treatment variable in our analysis is the annual amount of subsidy received by a firm
to carry out its R&D activities. For the analysis, this variable is transformed into
logarithms, which ensures a normal distribution, a necessary condition for applying the
methodology described in the following section.! The amount of public funding granted
as R&D subsidies ranges from €2,200 to €31 million over the period of study. The average
subsidy is €59,000 for small firms, €125,000 for medium-sized firms, €250,000 for large
firms, and €473,000 for very large firms.

10 Although the effect of the subsidy may differ when it is the only source of public support (Marino et al.,
2016), excluding firms that benefited from a policy mix could introduce attrition bias and undermine the
external validity of the study. In any case, the ESEE database does not provide information on the monetary
amounts received from subsidised loans, which prevents for analysing both sources of public support
(subsidies and loans) separately.

11 To avoid the influence of outliers, extreme values (the top and bottom 1%) are removed, resulting in the
loss of 33 observations.
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The outcome variable used to assess the impact of the treatment is the annual logarithm
of net business R&D expenditure, which corresponds to the total innovation investment
minus the public subsidy received through grant programmes.

It should be noted that the information on R&D expenditures collected in the ESEE refers
to firms rather than projects. Naturally, in a given year, a firm may undertake more than
one project, particularly in the case of large firms. Due to the anonymization of firms in
the database, we do not know how many projects each firm carries out, nor whether the
awarded subsidy corresponds to a single project or to multiple ones. Moreover, the
database does not provide information on project duration, so it is not possible to
determine whether the subsidy received in year t corresponds to a project completed
within that year or to one extending over several years.

This may be the reason why a small portion of observations in the sample correspond to
negative values for net R&D expenditure: some firms may not annualise the public
investment received and instead report the total amount in a single year, even if the project
spans multiple periods.

To avoid losing observations that may be relevant to the analysis when applying the
logarithmic transformation, we recode these negative values to €1, so that the logarithmic
transformation yields a value of 0. This approach has several advantages over simply
removing the observations. First, retaining these atypical—but not erroneous—values
may be useful for our estimation or for the weighting of entropy scores because of their
characteristics in the covariates. Second, since no other treated firm that receives a
subsidy reports a net R&D expenditure of €1, the recoded observations are uniquely
identifiable within the estimations, allowing for the application of methods that control
for this fact.?

Regarding the covariates used in the analysis, and following previous literature (Heijs et
al., 2020), we primarily consider intrinsic firm characteristics that may influence the
outcome variable in addition to the subsidy: age, sales, size, productivity, patent grants,
and innovation generation. We also include year, and sectoral dummies based on Pavitt’s
(1984) taxonomy, reflecting the Schumpeterian insight that industry-specific
technological regimes shape firms’ innovative dynamics. Moreover, following the
literature reviewed in Section 2, we include two financial variables: the long-term
leverage ratio and the ratio of tangible fixed assets to total liabilities. The inclusion of the
former is justified by the need to finance R&D-related costs internally, whereas the latter
captures the use of tangible assets as collateral to secure external funding.

Finally, in the robustness analysis presented at the end of the results section, we also
include the variable for personnel costs as a complement to the number of employees.
This variable indirectly reflects the human capital component of R&D effort through the
associated labour costs (Hall and Lerner, 2010), given the potential heterogeneity in wage
structures within firms.

2 For example, the censored Tobit regression described in Section 3.
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Table 2 presents the definitions and basic descriptive statistics of all variables in our
model, both for the full sample and by firm-size group.

5. Estimates and Results
5.1 Reweighting Using Entropy Weights

Before proceeding with the estimation of the dose—response function, we must assess the
covariate balance and the extent of information loss in the sample due to the application
of entropy weights. If balance is properly achieved, then, after weighting, the distribution
of confounding factors prior to treatment exposure should resemble that of the target
population for which the inference is drawn.

To carry out this assessment, we perform several statistical tests, the results of which are
presented in Table 3.2 First, we examine Pearson correlations to determine whether
entropy weighting has succeeded in eliminating significant correlations between the
treatment variable (logarithm of the monetary amount received from R&D subsidies) and
the covariates included in our model.*

Second, we assess balance via the conditional mean to ensure that the marginal
distributions of the treatment variable and the covariates remain unchanged in the
weighted distribution. To obtain the conditional mean of each variable, we estimate an
OLS regression of the treatment variable on the model covariates before and after
applying the entropy weights (Vegetabile et al., 2021).

As shown in Table 3, balancing the sample using entropy weights has substantially
reduced the correlations observed in the unweighted sample, bringing them down to
values that are virtually zero. In the reweighted sample, all Pearson correlation
coefficients are below 0.1 and are therefore acceptable as evidence of the effectiveness of
this balancing procedure. This confirms that, after reweighting, there are no systematic
differences between the treatment variable and the covariates. In other words, the entropy
weights have successfully equalised the distribution of the covariates across the different
treatment levels, ensuring that their marginal distributions remain balanced.

5.2 Effect of Subsidy Dose on Net R&D Expenditure

Having established that the entropy weights are satisfactory, we proceed to estimate the
dose-response function that characterises the average effect of each subsidy dose on
firms’ net R&D expenditure. To test the robustness of our results, we estimate this dose—
response function using three different econometric approaches, applying entropy
weights in all cases to reweight the sample. The first approach is a parametric analysis

13 These same tests to corroborate the suitability of the entropic weights in each of the subsamples by size
ranges considered can be found in the supplementary tables OA1 and OA2 in the Online Annex.

14 We recall that, in order to perform the balancing with entropy weights, it is necessary to solve the
optimisation problem, which requires minimising the uniform weights of the Kullback function. Therefore,
it is necessary that these weights be subject to zero correlation with respect to the treatment variable.
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based on OLS regression. The second employs a Tobit censored regression model to
account for potential bias that arises from the conversion of anomalous negative values
to zero in the dependent variable. The third approach is a non-parametric method based
on local polynomial regression.

The coefficients estimated using the parametric methods are summarised in Table 4, while
Figure 1 displays the dose—response functions obtained using the three methodologies.
Regarding the parametric estimations, Columns (1) and (2) of Table 4 present the results
for the full sample, whereas Columns (3) to (10) refer to the subsamples by firm-size
category. Regardless of the specific sample, the coefficients in the Tobit estimations—
both positive and negative—are larger in magnitude than those from the OLS models,
which is consistent with estimated dose—response functions in Figure 1. The function
estimated using the Tobit censored regression exhibits a slightly more pronounced
curvature in its lower section than those obtained through OLS and local polynomial
regression. This underscores the importance of retaining the zero values used to recode
the anomalous negative values for net R&D expenditure. Nevertheless, similar patterns
are obtained with all methodologies.

The results in Columns (1) and (2) of Table 4 indicate that, regardless of the estimation
method, failing to account for firm size introduces such heterogeneity that the subsidy
effect becomes statistically insignificant. This finding is also consistent with the
composition of our sample by firm size, which, as discussed in the previous section,
deviates from that of the original database. While size-specific estimations preserve the
representativeness of the ESEE, the estimation that pools the entire sample combines
firms with unequal degrees of representativeness.

As for the size-specific samples, both estimated parameters and dose-response functions
appear to confirm a quadratic relationship between the amount of the subsidy (in logs)
and net R&D expenditure (also in logs) in the case of small, medium-sized and large
firms, whereas for very large firms it becomes negative and linear.®

However, as suggested by Lind and Mehlum (2010) and Haans et al. (2016), while the
parametric estimates for the first three groups of firms may indicate a concave
relationship, this is a necessary but not sufficient condition for confirming the existence
of an inverted U-shaped relationship in the model. The observed correlation may simply
result from the inclusion of the quadratic terms, potentially generating spurious marginal
effects that could lead to a misinterpretation of the model’s true linearity. For a truly
inverted U-shaped relationship, that is, a quadratic relationship with a concave parabola,
the function must exhibit a positive slope at the left-hand side followed by a negative
slope at the right-hand side across a specific interval of values, which implies testing two
combined null hypotheses.

To do so, we use the methodology proposed by Lind and Mehlum (2010), who adopt the
framework developed by Sasabuchi (1980) for testing a composite null hypothesis.

15 Additional tests (not reported here) confirm the absence of higher-order curvature for very large firms,
supporting the linear relationship for this group.
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Accordingly, they propose a test in which the composite hypothesis posits that the
outcome variable increases at low levels of the treatment and decreases at high levels, or
vice versa, depending on whether the test concerns an inverted-U-shaped or U-shaped
relationship. The second component of Lind and Mehlum’s methodology involves
calculating the turning point of the function within the observed range of the treatment
variable. To identify this extremum point (the maximum in the case of inverted U-shaped
relationships), they propose using 95% Fieller confidence intervals, constructed for the
ratio of the relevant model parameters (Fieller, 1954).

Lind and Mehlum’s U-shape tests in Table 4 confirm the existence of an inverted U-
shaped relationship between public subsidies and firms’ net R&D investment. In addition,
the points of maximum impact would correspond to dose amounts of €7,111, €8,103, and
€28,000 for small, medium-sized, and large firms, respectively. Beyond these points,
further increases in R&D subsidies would no longer yield additional investment.

As shown in Table 5, the estimated optimal doses are relatively small compared with the
average subsidy within each firm-size stratum. Accordingly, the estimated turning-point
doses should be interpreted as lower bounds of the true optimal levels. In this regard, the
shares of observations below the estimated optimal doses—=8.5%, 2.2%, and 8.5%
(14.3%, 5.7%, and 12.5% when considering the upper limit of the Fieller interval)—for
small, medium-sized, and large firms, respectively, suggest that a non-trivial proportion
of firms may have been underfunded relative to the level of public support required to
achieve the maximum net R&D investment response.

To facilitate the discussion, Table 5 also reports, for each size-specific sample, the
normalized position of the estimated optimal subsidy within the observed range of
subsidy amounts, the average annual share of R&D expenditure financed through
subsidies, and the implicit share at the estimated optimal dose. This implicit share is
computed in two different ways: (i) as the average of the shares of firms that received
subsidy amounts close to the estimated optimum,® and (ii) as the average of the shares
that represent the optimal subsidy over the R&D expenditure that would result from the
sum of this subsidy and the observed net R&D investment.

These numbers reveal two main patterns. On the one hand, the optimal subsidy rate is
estimated to range between 36.3% and 41.0% for small firms, 31.1% and 31.8% for
medium-sized firms, and 17.0% and 24.8% for large firms. This indicates that the
intensity of public funding required to achieve the maximum effect in terms of net R&D
expenditure decreases substantially with firm size. On the other hand, since the subsidy
shares at the mean level exceed the estimated optimal intensities across small, medium-
sized, and large firms, it is likely that many firms would have achieved higher net
investment with lower subsidy amounts.

16 Since the results obtained for the optimal point are based on estimates, there is no firm whose subsidy
amount exactly matches the value at which the effect is maximised. For this reason, we use a margin of
+0.1 logarithmic units around that point.
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Delving into what happened for each size category, we see that, in the case of small firms,
the position of optimal subsidy within the observed range is around 19.6%, while the
effect of the subsidy peaks earlier (around 12% within the range) in the case of medium-
sized firms. This evidence suggests that small firms are able to maintain positive returns
to public support over a wider range of subsidy intensities than medium-sized firms. This
pattern is consistent with the argument that the less bureaucratic structures and closer
alignment between ownership and management enable small firms to react more flexibly
to market opportunities and to identify niche areas where innovation can be pursued
effectively (Bellucci et al., 2019).

In addition, the group of medium-sized firms shows a lower proportion of observations
below the optimal subsidy level. In this line, firms of intermediate size may often lose
part of the managerial and structural flexibility that characterises small firms, while not
yet benefiting from the economies of scale or possessing the level of resources available
to larger organisations. As a result, medium-sized firms appear to be “caught in the
middle,” which may explain their relatively weaker response to public subsidies
compared with the other size groups.

In turn, large firms (employing between 250 and 499 workers) exhibit a more balanced
relationship between (net) private and public investment in the implementation of their
innovation projects. For this group, the normalized position of the optimal subsidy
amounts to 20% of the observed range of subsidy intensities within this size category.
This likely reflects the fact that, compared with smaller firms, they possess a broader set
of resources that enhances their credibility with both credit institutions and private
investors, allowing them to finance innovation activities more easily and at a lower cost
(Hall and Lerner, 2010; Meuleman and De Maeseneire, 2012). Consequently, they are
better positioned to manage the appropriability of the benefits and surplus generated by
their innovations. They are also better equipped to absorb sunk and adjustment costs, as
well as the intrinsic characteristics of this type of investment, which typically entails
substantial capital commitments in fixed and logistical assets (Athreye et al., 2021).
Moreover, these companies are less affected by some of the key disadvantages they share
with firms that employ more than 500 workers. They do not have such rigid managerial
structures and are not so large as to experience the same degree of organisational
difficulties as very large firms, which facilitates internal knowledge transfer (\Vossen,
1998; Keum and See, 2017).

Finally, firms classified as very large appear to exhibit a negative linear relationship
between the subsidy dose and net R&D investment. This trend suggests that, when public
support is substantial enough to cover most of a project’s costs, firms may reallocate or
scale back their own previously planned resources, effectively substituting public funds
for private ones (Heijs et al., 2020). Because of their considerable size, it is common for
very large firms to allocate a portion of their private resources to R&D activities. They
do this, among other reasons, to avoid falling behind and losing market share to
competitors who may launch more innovative products, and to strengthen their absorptive
capacity for innovation (Klette and Griliches, 2000; Griffith et al., 2004). As a result, they
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often have their innovation budgets defined well in advance (typically across multiple
periods) regardless of whether or not they receive public support. These firms may also
have access to privileged information that allows them to anticipate with greater accuracy
whether they are likely to benefit from public funding instruments. In addition, they tend
to have large, well-prepared and well-informed teams, enabling them to be aware of such
public programmes and prepare funding applications more efficiently, which is often a
resource-intensive process.

5.3 Robustness Checks

Our robustness checks consist of three procedures. First, we take into account that the
ESEE—the database used in this study—requires the participation of all firms with more
than 200 employees. These are classified as large firms within this statistical source, while
smaller firms are selected through stratified sampling and represent approximately 5% of
all national firms. This creates a discrepancy between the ESEE and the guidelines of the
European Union in the definition of medium-sized firms (50 to 200 employees and 50 to
250 employees, respectively).

To assess whether the size-group definitions affect the results, we re-estimate the previous
models by defining medium-sized firms as those with 50 to 199 employees and large
firms as those with 200 to 499 employees.

As shown in Table 6, under these new definitions, approximately one third of the firms
previously classified as medium-sized are now reclassified as large. However, the
estimated coefficients confirm that there is no statistically significant difference between
using one grouping or the other. Therefore, the main results are not affected by this
sampling feature of the database.

The second robustness check involves testing the sensitivity of the model results to the
inclusion or exclusion of the following covariates in the estimation of entropy weights:
number of employees, sales and personnel costs.!” The results, presented in Tables OA3
to OAG6 in the Online Annex, indicate that the models shown in Table 4 are the most
efficient in terms of R-squared, pseudo R-squared and the Akaike Information Criterion.
These models include firm size (and its square) and sales (and its square) as independent
variables for the estimation of entropy weights.

Moreover, for each firm size group, the estimated coefficients are similar across models
that include different sets of independent variables. Thus, from a statistical standpoint,
there are no significant differences that result from the inclusion or exclusion of firm size,
sales or personnel costs in the entropy weighting procedure.

17 The sector fixed effects (Pavitt), the dichotomous variables that indicate patent applications and product
or process innovations, the age of the company and the variables that reflect its financial situation are
maintained in all specifications.
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Our third robustness check examines whether our baseline results are affected by the
timing of both the treatment and outcome variables. Given the structure of our database,
in the previous models the impact of the R&D subsidy is measured in the same year in
which the firm receives it. However, in many cases, the funded projects last more than
one year. In addition, most public subsidy programmes in Spain provide funding for a
maximum of three years and allow firms to choose between two main payment
modalities: upfront payment (regardless of whether the subsidised project is annual or
multiannual) or instalment payments aligned with the project’s duration. In this latter
case, it is common for the largest disbursement to be made at the beginning of the project,
with payments in subsequent years being smaller in amount.

Therefore, our initial specification may be problematic, as it would associate smaller
impacts with the initial year of the project and larger impacts with the final years. This
issue becomes particularly relevant for high-value R&D subsidies, which are typically
associated with large-scale innovation projects that may take several periods to
implement, thereby challenging the validity of the one-year investment assumption.

To shed further light on this issue, we re-estimate our models under the assumption that
firms receiving subsidies in consecutive years are engaged in multi-annual projects, with
the subsidy payments distributed over the duration of those projects.® Specifically, we
identify firms whose financing lasted up to a maximum of three years and impute the
averages of both the subsidy amount received and the firm’s net R&D expenditure,
considering them as the treatment dose and the outcome, respectively.'® Estimated dose-
response functions for this sample are broadly consistent with those obtained in the
previous estimations (see Figure 2), confirming our main findings. The overall trend
remains very similar across the different firm-size groups. This suggests that accounting
for consecutive awarding of public funding does not substantially alter the observed
patterns, reinforcing the stability of our results in terms of the shape of the relationship
and the existence of points of maximum impact for small, medium-sized and large firms.

6. Conclusions

Throughout this study, we have integrated two dimensions that have received limited
attention in the literature evaluating innovation-related subsidy programs. On the one
hand, we examine the effect of public R&D subsidies on firms’ net R&D investment,
accounting for the entire range of subsidy intensities among supported firms. Our
objective is not to estimate the effect of the R&D subsidy in terms of the difference
between the net private innovation investment of a firm supported with a specific amount
of subsidy and the investment it would have had in the absence of the grant. Instead, we

18 In most cases, public subsidy schemes provide funding for a maximum of two to three years.

19 Approximately 25% of firms in the sample declare having obtained public support for two or three
consecutive years. Firms reporting more than four consecutive years of subsidy receipt (less than 15% in
the sample) are excluded from this analysis, as they are likely chaining together funding for different
projects.
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estimate the causal response to the treatment as the change in net investment that results
from a variation in the subsidy amount.

On the other hand, we apply this continuous approach across four firm-size strata,
allowing for a non-linear relationship between the subsidy amount and net R&D
expenditure within each group, and identifying, where applicable, the thresholds at which
the positive effect of subsidies on net private investment is maximized. We have explored
this aspect because firms tend to exhibit size-related advantages and disadvantages that
may either mitigate or exacerbate their R&D activities.

The empirical analysis relies on a dataset comprising 1,996 observations of Spanish
manufacturing firms that received public subsidies to support their innovation activities
during the period 2008-2018. Our methodology involves estimating parametric and non-
parametric dose-response functions for subsamples of firms grouped into four size
categories—small, medium-sized, large, and very large firms. To address the potential
problem associated with estimating the causal response to treatment intensity, we use
entropy weights as a pre-processing method for the sample of treated firms, thereby
balancing covariate distributions across treatment levels.

The main conclusions of our analysis can be summarised as follows. First, we provide
empirical evidence that, for most firms, there is a non-linear relationship between the
level of subsidy allocated and its effect on net R&D investment. While this finding is
consistent with the results of previous international studies, our data specifically indicate
an inverted U-shaped relationship between the subsidy level and net R&D expenditure
for small, medium-sized, and large firms, but not for very large ones, which exhibit a
linear pattern.

Second, the proportion of public funding relative to R&D expenditure required to
generate the maximum effect on net investment appears to decline substantially with firm
size. This finding supports the notion that the design of R&D subsidy programmes should
incorporate maximum subsidy rates that decrease with firm size—a practice already
adopted by some public agencies, although typically restricted to a distinction between
SMEs and large firms—.

Third, the estimated optimal intensities for small, medium-sized, and large firms suggest
that, for a considerable share of firms, higher levels of net R&D investment could have
been achieved with lower subsidy amounts. However, they also indicate that, particularly
in the case of small and large firms, a non-trivial proportion of companies may have been
underfunded relative to the level of public support required to reach the maximum net
investment.

Finally, in the case of Spain, the effect of subsidies differs between small and medium-
sized firms and between large and very large firms. Specifically, the positive effects of
subsidies are more persistent for small firms than for medium-sized ones, and for large
firms than for very large firms, which even display a negative relationship between the
subsidy amount and net R&D investment. This finding suggests that the design of subsidy
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schemes to support business R&D should not rely solely on the SME-large firm
distinction but should instead incorporate a more nuanced calibration.

Overall, these results confirm firm size as a key source of heterogeneity in the impact of
innovation subsidies on net private R&D investment. They also contribute to a more
refined understanding of how subsidy intensity should vary across firm sizes to enhance
policy effectiveness.

One aspect that remains to be studied is whether our conclusions could be extended to
firms in sectors other than manufacturing, or to other types of direct financial support for
innovation activities, such as public loans. For this latter analysis, it would be necessary
to have information on not only whether the company has been supported through those
instruments but also the amount of money received through each of them. In addition, the
limited number of extreme values in our sample at either end of the subsidy distribution
makes it difficult to accurately estimate the causal response for firms at the lower and
upper tails. Finally, our database provides information at the firm level instead of at the
project level, which would allow us to account for the duration of R&D projects. This
data constraints imply that our estimated optimal subsidies should be interpreted with
caution, as they likely represent lower bounds of the true optimal amounts. These
limitations suggest a starting point for future research.
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Table 1. Consecutive awarding of R&D subsidies. 2008-2018
Medium-

Very

Small Large Total
sized large

Firms awarded:
- only 1 year 80 138 59 28 305
- only 2 consecutive years 36 72 30 20 158
- only 3 consecutive years 16 43 18 14 91
- 4 or more consecutive years 17 79 36 52 184
Total firms 149 332 143 114 738
(Observations) (285) (882) (368) (461) (1996)

Notes: This table reports the number of firms by number of consecutive years in which they have received
public R&D subsidies during the period 2008-2018.
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Table 2. Description and basic statistics of the model variables

Average
All Small Medium Large Very large
Variable Description Min. Max. firms firms firms firms firms
Subsidy (log.) Amount of R&D subsidy (€) 7.69 17.25 12.19 10.98 11.74 12.43 13.07
Net R&D expenditure (log.) Total R&D expenditure — R&D subsidy (€) 0 19.86 10.09 7.87 9.12 11.06 12.53
Pavitt 1: “Traditional producer of =1 if the firm’s activity corresponds to 0 1 0.30 0.43 0.32 0.20 0.25
consumer goods’ (0/1) CNAE-09: 151-223, 261-268 or 361-372
Pavitt 2: ‘Producer of intermediate =1 if the firm’s activity corresponds to 0 1 0.14 0.14 0.15 0.16 0.11
goods’ (0/1) CNAE-09: 271-287
Pavitt 3: ‘Specialised supplier’ (0/1) = 1if the firm’s activity corresponds to 0 1 0.18 0.22 0.20 0.12 0.16
CNAE-09: 251-252, 291-297 or 300-335
Pavitt 4: ‘Scale-intensive/assembly- = 1if the firm’s activity corresponds to 0 1 0.25 0.14 0.21 0.33 0.35
based producer’ (0/1) CNAE-09: 311-343
Pavitt 5: ‘Science- and R&D- = 1 if the firm’s activity corresponds to 0 1 0.13 0.07 0.12 0.18 0.13
intensive producer’ (0/1) CNAE-09: 241-247 or 351-355
Firm size (log.) Number of employees 2.20 9.47 5.33 3.38 4.83 5.84 7.10
Firm age (log.) Number of years since the company was 0.69 472 3.37 3.20 3.40 3.39 3.40
founded
Productivity (log.) Value added (€) / Number of employees 6.56 12.92 10.98 10.80 10.91 11.05 11.19
Patents (0/1) =1 if the firm registers patents in Spain or 0 1 0.17 0.07 0.13 0.18 0.32
abroad
Innovations (0/1) = 1 if the firm achieves product or process 0 1 0.76 0.64 0.74 0.79 0.83
innovations
Long-term leverage (ratio) Long-term external funds / equity 0 195.36 1.01 0.78 1.08 0.79 1.20
Tangible fixed assets (ratio) Tangible fixed assets / total liabilities 0.001 5.26 0.66 0.58 0.66 0.71 0.66
Sales (log.) Total sales (€) 12.86 22.71 17.43 15.13 16.85 17.97 19.54
Personnel costs (log.) Gross wages plus severance payments and 12.34 20.26 15.80 13.62 15.24 16.38 17.74
employer contributions
Observations 1,996 285 882 368 461

Notes: (0/1) indicates that the variable is binary. (log.) means that the variable is transformed by applying the natural logarithm. All monetary variables have been deflated to

reflect constant 2010 prices.
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Table 3. Covariate balance before and after entropy weighting

Unbalanced sample Balanced sample
Variable Pearson  Conditional gy jent p-value Pearson Conditional ¢ sy, gent p-value
correlation mean correlation mean

Pavitt 1 Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref.
Pavitt 2 -0.072 0.028 0.324 0.749 0.000 0.000 0.000 1.000
Pavitt 3 0.010 0.248 3.000 0.003 0.000 0.000 0.000 1.000
Pavitt 4 0.203 0.176 2.174 0.030 0.000 0.000 0.000 1.000
Pavitt 5 0.072 0.005 0.054 0.961 0.000 0.000 0.000 1.000
Firm size (log.) 0.456 -4.898 -1.487 0.163 0.000 0.000 0.000 1.000
Firm age 0.043 -0.027 -0.094 0.931 0.000 0.000 0.000 1.000
Productivity (log.) 0.173 0.031 0.475 0.639 0.000 0.000 0.000 1.000
Patents 0.145 0.002 0.030 0.978 0.000 0.000 0.000 1.000
Innovations 0.100 0.020 0.349 0.736 0.000 0.000 0.000 1.000
Long-term leverage 0.061 0.077 2.178 0.030 0.000 0.000 0.000 1.000
Tangible fixed assets 0.004 0.036 0.071 0.486 0.000 0.000 0.000 1.000
Sales (log.) 0.446 0.463 8.166 0.000 0.000 0.000 0.000 1.000
Personnel costs (log.) 0.304 0.268 3.274 0.000 0.000 0.000 0.000 1.000
Observations 1,996 1,996

Notes: The coefficients of the conditional mean and its statistics (t-Student and p-value) are derived from the OLS regression between the treatment variable and the covariates
of the model.
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Table 4. Effect of subsidies on net R&D expenditure. Parametric methods on the reweighted sample

All firms Small firms Medium firms Large firms Very large firms
Estimation method OLS Tobit OLS Tobit OLS Tobit OLS Tobit OLS Tobit
1) ) (©) (4) (©) (6) (@) (8) 9) (10)
Subsidy -0.954 2.069 10.370***  17.445%** | §.821***  11.525*** 9.726*** 12.862*** -2.161 -1.419
(1.459) (1.791) (3.076) (5.643) (1.758) (2.907) (2.812) (3.708) (2.241) (2.668)
Subsidy squared -0.027 -0.169** | -0.584***  -0.944*** | -0.378***  -0.607*** -0.474%**  -0.617*** 0.034 -0.002
(0.060) (0.075) (0.145) (0.263) (0.077) (0.126) (0.119) (0.152) (0.090) (0.102)
U-shape test 1.62 1.23 1.81
[p-value] [0.05] [0.10] [0.03]
Optimal subsidy 8.87 9.00 10.24
[value in €] [7,115] [8,103] [28,001]
Fieller interval [7.65; 9.41] [7.81; 9.61] [9.11; 10.74]
Observations 1996 1996 285 285 882 882 368 368 461 461
Censored 429 77 221 62 69
observations
LR X?(2) 02.73*** 229, 11*** | 49 55*** 65.91*** | 115.94***  168.01*** 37.26*** 80.98*** | 25.74***  45.49***
R2 0.113 0.217 0.180 0.200 0.095
Pseudo R2 0.018 0.040 0.033 0.036 0.015

Notes: We report estimated coefficients. ***: p-value<0.01, **: p-value<0.05. Standard errors are in parentheses. The U-shape test is the Lind and Mehlum’s (2010) intersection
—union test used to assess U-shaped or inverted U-shaped relationships. Optimal subsidy refers to the treatment dose at which the maximum effect on net R&D expenditure is
estimated to occur. The Fieller interval corresponds to 95% confidence interval for the estimated optimal subsidy following Fieller’s (1954) method. U-shape tests and optimal
subsidies are not presented in columns (1) and (9) because estimated coefficients reject the existence of a quadratic relationship.
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Table 5. Summary of results for discussion

Small Medium Large  Very large
firms firms firms firms
Optimal subsidy (log.) 8.87 9.00 10.24
(% over average subsidy) (80.8%)  (76.7%)  (82.4%) i

Position of optimal subsidy within the

19.6% 12.0% 20.0%
observed range

% observations below optimal subsidy 8.5% 2.2% 8.5% )
(below upper limit of Fieller interval) (14.3%) (5.7%) (12.5%)
Subsidy share at sample average 63.50% 54.32% 43.75% 34.89%

Subsidy share at optimal subsidy (i) 36.26%  31.83% 16.96% -
Subsidy share at optimal subsidy (ii) 40.96% 31.07% 24.78% -

Notes: Optimal subsidy refers to the treatment dose at which the maximum effect on net R&D expenditure
is estimated to occur in OLS models. The position of the optimal subsidy within the observed range is
computed as follows: (optimal subsidy — minimum subsidy) / (maximum subsidy — minimum subsidy). The
Fieller interval corresponds to 95% confidence interval for the estimated threshold following Fieller’s
(1954) method. The subsidy share at the optimal subsidy is computed as: (i) the average of the shares of
firms that received subsidy amounts within a +0.1 log range around the estimated optimum, and (ii) as the
average of the shares that represent the optimal subsidy over the R&D expenditure that would result from
the sum of this subsidy and the observed net R&D investment.
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Table 6. Effect of subsidies on net R&D expenditure. Estimates with different size group definitions

EU medium-sized firms

ESEE medium-sized firms

Difference in coefficients®

Estimation method OLS Tobit OLS Tobit
1) (2) 3) 4) 1) vs (3) (2) vs (4)
Subsidy 6.821*** 11.525*** 7.365%** 13.174*** -0.544 -1.649
(1.758) (2.907) (1.947) (3.385) [-0.207] [-0.369]
Subsidy squared -0.378*** -0.607*** -0.404*** -0.686*** 0.026 0.079
(0.077) (0.126) (0.085) (0.148) [0.226] [0.406]
Observations 882 882 711 711
Censored observations 221 186
LR X? 115.94*** 168.01*** 94 54*** 137.54***
R-Squared 0.180 0.180
Pseudo R-squared 0.033 0.033

EU large firms

ESEE large firms

Difference in coefficients®

Estimation method OLS Tobit OLS Tobit
(©) (6) ) (8) (5) vs (7) (6) vs (8)
Subsidy 9.726*** 12.862*** 8.745*** 12.003*** 0.981 0.859
(2.812) (3.708) (2.372) (3.271) [0.266] [0.163]
Subsidy squared -0.474%** -0.617*** -0.439*** -0.589*** -0.035 -0.028
(0.119) (0.152) (0.102) (0.136) [-0.223] [-0.155]
Observations 368 368 539 539
Censored observations 62 97
LR X? 37.26*** 80.98*** 51.40*** 103.99
R-squared 0.200 0.177
Pseudo R-squared 0.036 0.031

Notes: We report estimated coefficients. ***: p-value < 0.01, **: p-value < 0.05, *: p-value < 0.1. Standard deviations in parentheses. EU medium-sized firms: from 50 to 249
employees. ESEE medium-sized firms: from 50 to 199 employees. EU large firms: from 250 to 499 employees. ESEE large firms: from 200 to 499 employees. ) Difference

between the estimated coefficients for the two groups considered. The values in square brackets represent the associated t-statistics.
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Figure 1. Dose-response function. Impact of subsidies on net R&D expenditure by size stratum
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Figure 2. Dose-response function accounting for consecutive participation
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