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Abstract

This paper analyzes the determinants of firm additional R&D behavior within a second-generation
dose-response model. We consider three sets of R&D behavior’s explanatory factors: (i) firm
financial constraints; (ii) investment adjustment costs; and (ii1) firm R&D market relevance. Using a
sample of Italian manufacturing firms, we find a positive effect of R&D subsidization, mainly
driven by companies receiving a comparatively lower share of R&D covered by public support: no
more than around 20% (or 15%) for gross (or net) R&D (i.e., threshold effect).

Three clear conclusions are then drawn from further inspection: (i) liquidity constraints (or
funding structure) discriminate between different firm response to public subsidy; (ii) investment
adjustment costs, approximated by the size of the R&D project (including the amount of subsidy),
discourage firm additionality behavior, and (iii) firm size and strategic relevance of R&D make

companies more responsive to public support.
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1. Introduction

Evidence-based R&D program evaluation draws on a number of well-established quantitative
(mainly, econometric) studies. Those addressing policy selection-bias within a counterfactual
setting have generally found evidence of an “average” (additional) effect of public support on
company R&D investment. Yet, by means of more sophisticated econometrics (as, for instance,
random-coefficient regression), some recent papers have stressed that R&D policy effect can show
an uneven distribution among supported (as well as unsupported) companies, generally
characterized by skewed pattern and long (and fat) tails (Cerulli and Poti, 2012a; Cerulli, 2010).

Although relying on an average value seems reasonable for policymakers to obtain an easy-
to-read interpretation of policy effects, this nonetheless poses severe limitations whenever a more
in-depth understanding of firm R&D behavior under public support is required. For this reason,
going beyond the “magic number” seems not only wise, but to some extent even necessary.

Within a counterfactual (econometric) setting, policy effect heterogeneity can be studied in
two ways: (1) by estimating the whole distribution of the so-called conditional average treatment
effect (or CATE); (ii) by estimating an appropriate dose-response function (or DRF).

Estimating CATE requires only minor changes compared to traditional approaches as, for
instance, statistical Matching (Cerulli, 2014). Cerulli and Poti (2012a), for instance, have provided
an approach based on a baseline random-coefficient regression enabling to estimating R&D policy’s
CATE distribution among companies in a straightforward way. They provided also new insights on
measuring companies’ likelihood to obtain positive effects, and on their drivers'.

Estimating a DRF is a bit trickier, as it requires to embed an R&D policy evaluation design

within a continuous counterfactual setting, where treatment is no longer binary (treated versus

' A detailed description of such approach can be found in Czarnitzki and Hussinger (2004), Cerulli and Poti (2012a),

and Cerulli (2010).



untreated), but can take a plethora of possible values (i.e., doses). A DRF approach seems however
more suited than a binary one when one deals with an R&D policy setting. This depends on the fact
that companies usually receive different amounts of public support (e.g., funds covering a share of
subsidized projects), and can thus react differently to different level of treatment.

Although the importance to consider the level of support, studies using a DRF approach
within an R&D policy context are still limited (Duch-Brown et al., 2011; Marino and Perrotta,
2010). This can be explained both by the lack of well-established DFR methodologies (at least until
recent years), and by the focus on just average effects. However, with new econometric
methodologies now available, and wider awareness of the relevance of going beyond average
effects, focusing on differential R&D behavior activated by differential levels of treatment seems of
interest both for scientific and policy purposes.

The aim of this paper is therefore that of analyzing the determinants of firm additional R&D
behavior within a second-generation DFR approach, able to join the binary and the continuous
treatment within the same econometric framework (Cerulli, 2015). More details on this are provided
in the methodological section.

Moreover, this study pays attention to a proper theoretical embedding of our evaluation
analysis. In our DRF specification, in fact, we consider three interlinked sets of R&D behavior’s
explanatory forces: (i) firm financial constraint, which has received large attention in previous
studies as main determinant of policy success; (ii) investment adjustment costs, a concept first
developed within the Neoclassical theory of investment, but which has been receiving new attention
also within the heterodox theory of the firm; and (iii) firm market power, as an explanation of the
link between business cash-flow availability and investment dynamic, as supported by the
evolutionary’s “growth of the fitter” theoretical reference.

In line with (a few) recent literature on public program evaluation using DRF, this study

arrives to the convergent result of a decreasing relation between subsidy intensity and outcome (net
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R&D investment), as well as of a notable substitution between private and public funds occurring
for higher intensity of public financing. These results seem apparently in contrast with the financial
constraint framework, currently used in R&D policy evaluation studies, as firms usually considered
more liquidity constrained (thus having higher level of additional cash-flow through subsidy
provision) should show higher R&D investment sensitivity.

Within the R&D policy evaluation literature, policy success is usually measured in terms of
additionality, defined as the net privately funded R&D investment that firms would have not done
in absence of public funds. Within such framework, subsidies are held as free injections of
additional cash-flow towards liquidity-constrained firms, which should become abler to adjust their
current investment to their desired level. As shown by empirical research, subsidies can in fact
operate as a positive information signal producing a reduction of cost and rationing of external
sources of credit, thus increasing companies’ capacity to attract new external resources.

In this study, we adopt an interpretation of liquidity constraints not entailing a strict relation
with firm size. Firms, in fact, can be liquidity constrained whenever the level of their (own) cash-
flow dedicated to R&D activity is insufficient to finance the whole desired level of R&D activity
and external sources of funds are not accessible or are too costly.

Such meaning is close to the evolutionary idea that firm growth and competition are always
constrained by available liquidity. Additional investments bring with them additional R&D user-
costs, which are a weighted mean of the cost of financing R&D investments by different forms of
finance (retained earnings, debt, and equity), and depend on R&D tax system too. Policy
intervention is directed to reduce such constraints, although “real” adjustment costs - due to the
search of new skilled human resources, adaptation time, and organizational frictions - accompany
investments and can temporarily reduce R&D productivity. Adjustment costs can involve a fixed
component (mainly, internal resources devoted to the search of new skilled scientists and engineers

or to technical personnel formation), and a component that is proportional to the investment. The
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effect of adjustment costs is emphasized by two aspects: (i) time necessary to obtain a result, which
for R&D investments last longer than for fixed capital investments, and (ii) uncertainty about
investment future returns.

As a wide literature recognises, all these aspects produce inertia in firm R&D investment
behaviour, which makes it difficult to identify an effect of R&D policy measures. However, by
looking at the heterogeneous impact of an R&D policy, it is possible to detect more nuanced and
skewed effects, which provide a more precise information on policy effectiveness.

Overall, the results of our analysis shows: (i) higher inertia in the presence of higher
investment adjustment; indeed, higher intensity of subsidy can be meant as incentive for R&D
investment targets which are more distant from firm’s current ones, thus producing additional R&D
investments at a decreasing rate; (ii) the size of the adjustment costs, approximated by the level of
total R&D expenditure, including subsidy and firm own R&D, has a negative impact on R&D
additionality; (iii) firm position on the market, when R&D has a strategic relevance, can produce a
forward looking effect: this is common to companies who positively adjust their R&D investment.

The organization of the paper is as follows: section 2 provides some literature review on the
subject of this study. Section 3 presents the theoretical model of firms’ R&D investment behavior in
the presence of financial and real frictions we rely upon in the estimation phase. Section 4 sets out a
description of the dose-response model we use in the application. Section 5 illustrates the impact of
public support intensity on firm R&D spending. Section 6 presents and comment on the R&D

policy dose-response pattern. Section 7, finally, discusses and concludes the paper.

2. Literature review
There is a large literature evaluating the effects of public R&D subsidies on firm’s R&D spending
and innovation performance, mostly based on binary treatment models. In general, studies

addressing policy selection bias have found evidence of an average additionality effect on company
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R&D investment (Czarnitzki, 2003; Duguet, 2004; Gonzales et al., 2005; Czarnitzki and Licht,
2006; Aerts and Schmidt, 2008; Czarnitzki and Lopez Bento, 2013). Other studies (Cerulli and Poti,
2012a) have shown a largely heterogeneous distribution of the additionality effect for treated firms.
A more recent literature on public program evaluation using a dose-response frame allowed for a
more in depth analysis of the policy effect through the possibility of analyzing the pattern of the
R&D response function to different intensities of R&D support. Although based on different
econometric approaches (Adorno et al., 2007; Marino et al., 2011; Duch-Brown et al., 2011), this
literature found out a convergent result of a decreasing relation between the level of subsidy and the
outcome (fixed capital or R&D capital) as well as a notable substitution between private and public
funds occurring for higher intensity of public subsidy?. Such an empirical evidence, however, has
not found yet a sound theoretical explanation.

R&D policy evaluation studies highly refer to the literature on financial constraints, which
has its roots in the seminal work of Fazzari et al. (1988), including cash-flow as predictor into an
investment equation. These scholars interpreted the investment sensitivity to cash-flow as due to
firm financial constraints and financial market imperfections. The welfare failure of the credit and
financial market, particularly serious for R&D investments (given the combination of irreversibility
and uncertainty) and for small sized firms, would ask for a policy sustaining R&D investment
through financial subsidy (or tax credit).

This approach has produced a large stream of publications aimed at measuring the effect of
external constraints and subsidy policy on corporate investments (Hu and Schiantarelli, 1992;

Whited, 1992; Gilchrist and Himmelberg, 1995; Hadlock, 1998; Carpenter and Petersen, 2002;

2 The paper by Duch-Brown et al. (2011) finds no effect of subsidy support intensity on firm R&D intensity, both in a
parametric framework and nonparametric quantile regression. However, they find an impact of subsidy intensity in

larger quintiles (i.e., firms with high R&D effort). This last finding is in line with what we find in this paper.



Galeotti et al, 1994; Fagiolo and Luzzi, 2006; Audretsch and Elston, 2000; Bougheas et al, 2003;
Schiantarelli and Sembenelli, 2000; for a survey, see also Carreira and Silva, 2010). A high
elasticity of R&D investment to cash-flow is attributed specially to small and to young firms (see
Brown et al. (2009) for U.S., and Harhoff (1988) for Germany). As for Italy, Magri (2009) finds
that there is a different impact among innovative and non innovative small firms: the sensitivity of
investment to cash-flow is higher for the former ones.

Kaplan and Zingales (1997) have criticized the lack of a structural model of investment
subject to financial constraints in Fazzari et al. (1988) model, which rely only on the addition of
financial variables to the existing investment models. They observed a lack of empirical tests on the
fundamental assumption that investment cash-flow sensitivity increases monotonically with the
degree of financial constraints. Kaplan and Zingales (1997) investigated this relation within a
sample of firms and found out that less financially constrained firms show greater sensitivity.

Oddly, even if Kaplan and Zingales (1997; 2000), and many other researchers following
them (Kadapakkam, Kumar and Riddick, 1998; Cleary 1999; Erickson and Whited, 2000) have
shown that cash-flow sensitivity can go with firms that are the least financially constrained, policy
makers have continued to intend financial aid as more helpful for small firms, as the most
financially constrained, and policy evaluation studies have followed the same original imprinting,
measuring the policy success in terms of reduction of the credit market failure. The more diffused
explanations for R&D policy underachievement, as found in empirical analysis, have consequently
been identified with public agency mistakes in the selection of financially constrained firms and the
opportunistic behavior of beneficiary firms.

Several studies find evidence that smaller and younger firms are more likely to face
financing constraints as they usually cannot provide as much overall collateral value compared to
larger, more capital intensive firms (Himmelberg and Peterson, 1994; Petersen and Rajan, 1995;

Berger and Udell, 2002; Czarnitzki, 2006; Ughetto, 2008; Czarnitzki and Hottenrott, 2008; Miiller
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and Zimmermann, 2009). Problems of asymmetric information may be less severe for older firms
that have established a long and stable relationship with banks (Canepa and Stoneman, 2008;
Savignac 2008; Schneider and Veugelers, 2008). Empirical literature finds that the R&D
investments of small sized firms are (sharply) more externally constrained and dependent on firms
internal liquidity (Ughetto, 2008), but this is different from R&D sensitivity to cash-flow, which
implies a positive investment response to shock in cash-flow. Cerulli and Poti (2012a), in an ex-post
evaluation study for one of the main R&D policy measures in Italy, have found that small firms
were less sensitive to financial subsidy than larger ones.

Cooper and Ejarque (2001) investigated the relation between investment and internal cash-
flow by estimating a class of dynamic optimization models, where imperfectly competitive firms
face financial constraints. They find that firm market power represents the principal link between
investment and internal funds and do not find evidence to support that capital market imperfections
contribute to the relationship between investment and profitability. These authors look at if adding
financial frictions (credit constraints) to a model with market power would improve the ability to
match the observed investment behavior, and they found that it does not improve the fit of the
model.

The theoretical and empirical literature on investment and on productivity has underlined the
role of investment adjustment costs. Papers looking at the dynamics of physical investment and of
R&D expenditures found out that the R&D series is smoother than investment one, and proponents
of productivity literature have rationalized this as due to different costs of adjustment (Lach and
Rob, 1992; Lach and Schankerman, 1988; Mairesse and Siu, 1984). Cooper and Haltinwanger
(2005) wrote that understanding the nature of the investment adjustment costs would be vital for the
evaluation of policies that attempt to influence firms’ investment.

Some studies find that the stock of capital is proportional to the level of real sales in the long

run, but adjustment costs (as frictions) prevent the stock of capital from adjusting fully and
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immediately to the target level (Bond, Rodano, Serrano Velarde, 2015), and rationalize a process of
gradual or delayed adjustment. Many papers refer to the inertia of investments: lagged investment
would explain present investment better than subsidy or cash-flow (Eberly, Rebelo, Vincent, 2009;
Hall and Hayashi, 1989), and the slow response of firms to change in user costs makes it difficult to
measure subsidy impact (Hall and Lerner, 2010; Hall, Griliches, and Hausman, 1986; Lach and
Schankerman, 1988).

Within an investment model, Christiano et al. (2005) incorporate adjustment costs that
penalize changes in the level of investment. This can be seen as rigidities to changes, such as time
to build capital or to embed the needed competences. In the presence of investment adjustment
costs, the marginal product of the new investment is decreasing in the flow of investments. Other
authors (Eberly, Rebelo, Vincent, 2009) criticized this model incorporating adjustment cost
proportional to the level of investments, which fits well with empirical data, but produces “excess
persistence” and low skewness of investment, thus generating a persistent investments series.
Skeweness in investment led these authors to consider asymmetric adjustment costs both in the
form of asymmetric quadratic adjustment costs, and of an irreversibility constraint.

Vermeulen and Sakellari (2005) estimate a structural model of firm investment behavior and
find out that both financial and real frictions operate on the firm dynamics of investment, the most
important drivers being irreversibility and the fixed component of investment adjustment costs. The
relevance of fixed adjustment costs, which bring to episodic lumpy investment and are proportional
to the stock of capital, is recognized by many other authors (Abel and Eberly,1993; Caballero and
Leahy, 1996; Caballero and Engel, 1999).

Uncertainty increases the effect of adjustment costs, suggesting that firms are less likely to
undertake an investment in response to a positive shock (Bloom et al., 2007; Abel and Eberly 1999;
Caballero and Engel, 1999). Recent theoretical literature on investment under uncertainty predicts

threshold investment behavior: investment would take place when firm’s marginal product of
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capital overcomes an upper threshold given by the traditional user-cost relevant to buy capital,
multiplied by the option-value relevant for investment (Bloom et al., 2007).

In sum, the positive or negative elasticity of R&D investment to different dose of subsidy
can depend on the interaction among many factors, which we can regroup into three types: financial
conditions (liquidity constraints) and real costs (different types of adjustment costs), conditioned on
firm’s structural characteristics (size and position in the market).

In the following section, we introduce a modified version of the David, Hall and Toole
(2000) model, where we include subsidy cost adjustment effect. We will take such model as

reference when presenting and interpreting results from our econometric dose-response model.

3. A model of firm supported R&D investment in the presence of financial and real frictions
In modelling the effect of public funding on firms’ R&D investments, the R&D program evaluation
literature generally adopts the neoclassical maximizing profit condition: the optimal R&D
investment is where the marginal product of capital equals the rate of return to investment in that
capital.

In this framework, firm decision is located within a frame of non-substitutability of internal
with external funding (David et al., 2000; Hall and Lerner, 2010). It assumes therefore that financial
constraints have a negative impact on firm’s propensity to invest in R&D. As structural model of
reference, it identifies firm optimal level of R&D investment at the point in which the marginal rate
of returns (MRR) schedule and the marginal capital costs (MCC) schedule of R&D investments are
equal.

The MRR schedule is a decreasing curve, whose shape derives from ranking R&D projects
according to their internal rate of return (an indicator of efficiency, quality, or yield of an
investment, all other factors equal). The MCC curve identifies the marginal funding cost, which

may be determined by the risk-adjusted cost of capital of alternative investments. The MCC is an
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increasing function of funding cost, in accordance with the pecking order approach (Myers and
Majluf, 1984), which identifies a hierarchy in terms of costs among retained earnings, debt and
equity. An investment is hold acceptable if its internal rate of return is (at least) equal to the funding
cost of capital. Depending on the point at which costs and returns are equal, firms have to finance
their optimal R&D investment only by internal cash-flow or with a mix of internal and external
(more) costly sources. The wedge between internal and external source of funds identifies a type of
non-convex costs of R&D investment adjustment; thus, the impact on firm additional R&D
investment depends on: (i) the positive response of the credit and financial market to the policy
signal linked to the subsidy, i.e. the resources made available to the firms, which often have to
anticipate public cash and thus complement subsidy resources; (ii) the cost applied by the credit and
financial market to the firm, which can change as function of firm idiosyncratic characteristics and
credit general conditions.

Figure 1 sets out a representation of the optimal level of firm R&D investment according to

the pecking order approach (Myers and Majluf, 1984; David, Hall and Toole, 2000).

Equity

MCC

Self-financng

MRR

Figure 1. Optimal level of firm investment according to the “pecking order” approach of Myers and Majluf (1984).
11



A set of exogenous factors impact both on the marginal rate of return (MRR) and on the
marginal capital cost (MCC) curves. The MRR curve can move upwards or downwards because of:
technological opportunities; state of the demand; appropriability conditions. The MCC curve can
move upwards or downwards because of: (i) public R&D subsidies or fiscal incentives; (ii) real
capital adjusting costs; (iii)) macroeconomic conditions; (iv) venture capital availability. In this
context, we identify a public R&D subsidy as an injection of (internal) cash-flow freely available to
firms.

In the presence of a subsidy, there can be a positive reaction of the credit and financial
markets, and the effect on firm R&D investment depends on the extent of such positive/negative
reaction, and on the premium markets apply to the financing aimed at covering R&D investment’s
risk.

This is shown in figure 2 where S represents the amount of public support (i.e., new cash-
flow) available to the firm. As soon as the company is financially constrained (occurring when the
MRR crosses the MCC in a point like B), the additional R&D investment (identified by o in the
figure) chosen by the firm will be positively larger the more the MCC is inclined, provided that
public support’s adjustment costs are not present. The higher the amount of public subsidy, the
stronger the signal to external funding sources, the more external credit cost is reduced and the

higher is firm’s R&D investment (Hall, 2010, p. 507).
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Figure 2. Liquidity constrained firm with an oblique MCC curve starting when internal cash-flow runs out. S is the
level of the public support to R&D, and o the additional R&D investment of the firm. No adjustment costs are

considered.

As shown in figure 3, the presence of adjustment costs produces an upward shift of the MCC
curve. A firm cannot suddenly change its level of R&D, induced by the possibility given by the
subsidy to implement new R&D projects, without incurring some costs of adjustment. A firm
decides whether an increase in R&D today is desirable based not only on the user-costs (including
tax treatment, economic depreciation, and investors’ required rate of return), but also on investment
adjustment costs. Due to R&D capital adjustment costs, not all the subsidy can be transformed into
investment. The negative value of a represents the negative effect on firm R&D investment

additionality due to the presence of adjustment costs.
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Figure 3. Liquidity constrained firm with an oblique MCC curve starting when internal cash-flow runs out. S is the
level of the public support to R&D, and o the additional (negative) R&D investment of the firm. R&D subsidy’s

adjustment costs are considered. The crowding-out effect is due to the adjustment costs induced by the subsidy.

Depending on the extent of the adjustment costs, and on the availability of external capital at
a cheaper price (the extent of the MCC slope), we can have positive, neutral or negative effects of
the subsidy on firm R&D additional spending. Such result, however, is subject to companies’
heterogeneity in reacting to the subsidy intensity. Using a dose-response econometric model as
presented in the next section, we aim at measuring both the firm-specific value of a, and the pattern

of a over the R&D support intensity.
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3. The dose-response econometric model

In public policies supporting business R&D, companies are not only selected for treatment, but also
awarded a different amount of support. Thus, from a program evaluation perspective, what is
relevant is not only the binary treatment status, but also the level of R&D support exposure (or
“dose”) provided by the public agency. Moreover, firms usually enjoy more than one public
financial support, and it is thus relevant to understand to what extent the subsidy dose-response
pattern is increasing, as well as if and when there is a turnaround. From a welfare point of view, the
risk is a resource waste, i.e. allocation of funds producing a substitution between public and private
funds for some level of the subsidy.

The continuous treatment frame allows to investigate the form of the average treatment
effect function over all possible values treatment can take, and to study whether policy effects
change when the level of treatment changes. Although based on different econometric approaches
(Adorno et al., 2007; Marino et al., 2011), recent literature on public program evaluation using a
dose-response frame has found out a convergent result of a decreasing relation between the level of
subsidy and the outcome (capital or R&D capital), as well as a notable substitution between private
and public funds occurring for high intensity of public subsidy. The dose-response approach
employed in this study is suited when: (i) treatment is continuous, (ii) individuals may react
heterogeneously to observable confounders, and (iii) selection-into-treatment is conditionally
€X0genous.

We are interested in estimating the causal effect of the continuous treatment variable ¢ on an
outcome y within the observed sample, by assuming that treated and untreated units may respond
differently both to specific observable confounders (we collect in a row vector x), and to the
“intensity” of the treatment ¢. In this context, the dose-response function is shown to be equal to the
“Average Treatment Effect, given the level of treatment ¢’ (i.e. ATE(¢)). However, other causal

parameters of interest, such as the unconditional Average Treatment Effect (ATE), the Average
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Treatment Effect on Treated (ATET), and the Average Treatment Effect on Non-Treated (ATENT)
can be also estimated, along with these effects conditional on the vector (x; 7).

Compared with similar models - and in particular the one proposed by Hirano and Imbens
(2004) which includes only treated firms, our model does not need a full normality assumption, and
it is well-suited when many individuals have a zero-level of treatment. When many units are not
exposed to treatment, the distribution of ¢ has a “spike” or no-nil probability mass at zero, i.e.
Pr(=0)>0. This means that assuming that the distribution of #)x comes from a normal (or mixtures
of normal) distribution, as assumed in the generalized propensity score (GPS) proposed by Hirano
and Imbens, is untenable, since in the presence of a spike at zero this distribution is clearly
discontinuous and thus non normal.

Differently from Royston et al. (2010), our model is embedded into the potential outcome
setting, the typical framework of counterfactual modeling, and it solves the zero-inflation problem
by directly modeling the potential outcome in #=0.

Differently from Hirano and Imbens (2004), we do not need to specify a generalized
propensity score, as we work within a control-function model. Moreover, we are able to take into
account both zero-inflation at /=0 and treatment observable endogeneity under reasonable
assumptions.

The following short presentation of the model draws on the broader one provided in Cerulli
(2015). We define the causal parameters of interests, as the population Average Treatment Effects

(ATESs) conditional on x and ¢, that is:

ATE(X;2) = E(y, =, [X%,1)
ATET(x;t>0)=E(y, —», |x,t>0) (1)
ATENT(x;¢t=0)=E(y, -y, |x,t=0)
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where: y1 and ) are the outcome of a generic unit when treated and untreated, respectively; x is a
row vector of M exogenous and observable characteristics (confounders), ¢ the treatment dose
(varying from 0 — no treatment — to 100 — maximum level of treatment). Let w be the treatment
indicator, taking value 1 for treated and O for untreated units; N be the number of units involved in
the experiment; Ni be the number of treated units; and Ny the number of untreated units with N = N,
+ No. ATE indicates the overall average treatment effect, ATET the average treatment effect on
treated, and ATENT the one on untreated units. By assuming a linear specification of the potential
outcomes, the Average Treatment Effect (ATE) conditional on x and ¢ is a weighted average of the

two effects:

ATE = p(w=1)-ATET + p(w=0)-ATENT 2)

For each level of ¢, we consider the expected difference in the outcome between treated and non

treated firms:

ATE(x,t,w)=w-[uu+x0+ h(t)]+(1—w)-[ u+xd] 3)

where: A(?) is the response function to the level of treatment ¢, and it is equal to zero when w=0;

1=(u1-0), and 8=(81-80). Moreover, under some manipulations, we obtain:

ATE = p(w=1)(p +X,.08 + h.o) + p(w=0)(1 +X_;0)
ATET = u+X_0+h,_, 4)
ATENT = u+X_,0

where the dose-response function is given by averaging ATE(x, ¢) over x:
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ATET + (h(t)—h_,) if t>0

. ©)
ATENT if =0

ATE(¢) = {

that is a function of the treatment intensity ¢.
Under previous definitions and assumptions, we estimate ATE and the dose-response

function through the following baseline random-coefficient regression (Wooldridge, 1997; 2003):
Y, =ty +w, - ATE+X,8, +w, -(x, = X)d+w, - (h(t)—h)+7, (6)

where 17, =¢, +w, (e, —¢,) -

Assuming unconfoundedness, which implies that conditional on the knowledge of the true
exogenous confounders x, the condition for randomization is restored, and causal parameters
become identifiable. Given a sample {y;, wi, X;, t;: i=1, ..., N}, we can write the regression line of

the response y simply as:
EW, | W,t,X,) = pty +w, - ATE+x,8, +w, - (X, = X)d+w, - (h(t,)— h) (7)

and Ordinary Least Squares (OLS) can be used to retrieve consistent estimation of all parameters.
Once a consistent estimation of the parameters in equation (7) is obtained, we can estimate ATE
directly from this regression, and ATET, ATENT and the dose-response function by plugging the
estimated basic parameters into formulas (4) and (5). To complete the identification of ATEs and

the dose-response function, we finally assume a three-degree polynomial form for 4(¢):
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h(t)=at, +bt’ +ct’ (8)

where a, b, and c are parameters to be estimated in regression (7).

Under CMI, an OLS estimation of equation (7) produces consistent estimates of the

parameters £, 0,, ATE, o, 4, b, é. With these parameters at hand, we can finally estimate

consistently the dose-response function as:

o 7/_\ N n N N [
ATE(t,) = w[ATET + a(t, — % Do) +b(t - %Z £)+é(t - % D tH]+(1-w)ATENT (9)
i=1

i=1 i=1

where:

ATET(t) = ATE(t,)

>0
Moreover, for each level of the dose ¢, it is also possible to calculate the a-confidence interval

around the dose-response curve. Indeed, by defining T1=t-E(¢), To=*-E(#) and Ts= £-E(£), the

standard error of the dose-response function is equal to:

~ ~ ~ ~ ~ ~ ~ 1/2
6. ={176;+T}6; +T 6] +2T1,6,,+2T 1,6, + 21,16, | (10)
ATE(¢) ’ ’ ’

This means that the a-confidence interval of ATE(¢) for each ¢ is then given by:

(ATE)£Z,, 64, ]

ATE(7)
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A plot of ATE(?) over ¢ gives the pattern of the dose-response. For each level of the dose ¢ it is
possible to calculate the confidence interval around the dose-response curve, for detecting visually

the statistical significance of the treatment effect along the support of the dose z.

4. The impact of public support intensity on firm R&D spending

In this section, we estimate the effect of public research and development (R&D) support on
company R&D performance by an application of the previous model to real data. As dataset we
employed a cross-section combining the 8th, 9th and 10th Unicredit surveys collecting a large body
of information on various characteristics and activities of a sample of Italian companies, included
innovation and R&D (public and private) financing for around 5,000 companies in each wave. The
timing is: 1998-2000 for the 8th survey, 2001-2003 for the 9th survey, and 2004-2006 for the 10th
one. All surveys are built by stratifying on sector, size and location, thus being representative of
Italian manufacturing companies with more than 10 employees.

The three surveys are then combined in a unique repeated cross-section of 14,106
companies, since building a longitudinal dataset (or panel) would have caused a sharp reduction in
the sample size (only 451 companies appear in all the three surveys). Furthermore, since only
relatively few businesses present information on R&D financing, being this section of the
questionnaires very rich of missing values, exploiting a repeated cross-section guarantees a larger
(final) sample size. The final dataset is then merged with companies’ balance sheet data coming

from the Aida database’.

3 Aida is a firm-level database produced by Bureau van Dijk. It contains comprehensive information on balance sheet
data, localization and employees for companies in Italy, with up to ten years of history. More information on this

database are available here: http://www.bvdinfo.com/en-gb/our-products/company-information/national-products/aida.

20



The specification of the output equation comes from the widely accepted view of the main
drivers of company R&D performance, as maintained in the R&D policy evaluation literature
(David et al. 2000; Cerulli and Poti, 2012a; Cerulli and Poti, 2012b). Table 1 reports the model’s
specification with a description of the outcomes, binary treatment, treatment level (or dose), and
control covariates compactly reported.

In each survey, variables are calculated through a three-year average, thus having common
time consistency. Therefore, given the time structure of the Unicredit surveys, we perform a three-
period analysis with each period made of an average over three years. In sum, in this application,

we cover nine years from 1998 to 2006.

Table 1. Variables used in the specification of the outcome regression model.

Covariates

Treatment Binary treatment indicator taking value 1 for supported and 0 for non-supported firms
Treatment level or dose Intensity of treatment varying between 0 and 100

N. of employees Number of company employees, as proxy of company size

Debt Stock of company total stock of debt (long, medium and short term) on total turnover
Cash-flow Rate of profitability, as proxy of company liquidity constrain

Labour-intensity Labour cost to turnover

Capital-intensity Stock of firm material assets to turnover

Knowledge Stock Stock of firm immaterial assets, as measure of accumulated R&D experience
Group Binary indicator taking value 1 if the company is part of a group and 0 otherwise
Export Binary indicator taking value 1 if the company exports and 0 otherwise

Size Six categories for company size, using the number of employees

Sector Four categories representing Pavitt sector taxonomy

Location Twenty Italian regions

QOutcomes

Gross R&D expenditure Total R&D expenditure

Net R&D expenditure Total R&D expenditure minus the public support received by the firm

Gross R&D per capita Total R&D expenditure on total number of employees

Net R&D per capita Net R&D expenditure on total number of employees

Gross R&D intensity Total R&D expenditure on company turnover

Net R&D intensity Net R&D expenditure on company turnover

A usual problem in the impact evaluation of company R&D public support is the difficulty
in singling out good candidates as instrumental variables. Our application shared this limitation
with the previous literature. Therefore, we only apply the OLS control-function approach by leaving

the IV approach to be applied in future developments.
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Our regression’s specification, unfortunately, leads to a huge drop of observations. Indeed,
due to a large number of crossing missing values, and after deleting influential observations, we end
up by relying on a sample of 932 observations. Nevertheless, the representativeness of the
population is quite well kept in the sample both in terms of sector and location (as showed in Table
2). As for the size, on the contrary, we have a higher presence of companies having between 51-250
employees and a lower presence of smaller firms. This might generate a little bias towards less
financially constrained companies, thus possibly magnifying the average effect of the R&D support

considered here.

Table 2. Representativeness of the final sample employed in this application.

Sample Population
Size
0-10 8.78 3.08
11-20 12.24 29.48
21-50 18.2 33.98
51-250 50.05 25.67
251-500 6.39 4.05
>500 4.33 3.74
Location
North 73.13 67.83
Center 16.68 18.09
South & Islands 10.21 14.06
Sector
Traditional 42.47 51.23
Scale intensive 15.6 18.03
Specialized suppliers 36.19 25.93
Science-based 5.74 4.8
Number of obs. 932 14,106

Another important descriptive statistics is the distribution of the publicly supported R&D,
measured as the share of total firm R&D expenditure. Table 3 shows that in our sample this average
share is around 40% with a median equal to 30%. It means that, among the supported companies, a

large quota of R&D is generally covered by public financing.
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The number of supported companies is rather small, with 235 units in the final sample: this
is due to the fact that very few companies respond to the financing section of the Unicredit
questionnaires. Nevertheless, at least in Italy, Unicredit surveys are the only available datasets

providing the level of the R&D public support at firm level (Cerulli and Poti, 2012a)*.

Table 3. Some descriptive statistics for public financed company R&D share.

Kernel density estimate

Number of obs. 235 s
Mean 40.32 2%
Std. Dev. 33.67 N
Min 1 g
6 Isst‘?ss 160
MaX 1 00 kernel = epanechnikov, bandwidth = 10.1712
Median 30

The most relevant outcome for our purposes is the level of “net R&D expenditure” (R&D
expenditure minus the subsidy received) as it returns the actual amount of additional R&D that a
company has been able to perform. Table 4 shows the result of the baseline regression for assessing

the effect of public support intensity on various firm R&D outcomes.

4 The Community Innovation Survey (CIS), for instance, provides only a binary measure of public support to business
innovation.
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Table 4. Baseline regression for assessing the effect of public support intensity on firm R&D outcomes.

1 ) 3) “4) (%) (6)
Gross R&D Net R&D Gross R&D  Net R&D per  Gross R&D Net R&D
per capita capita intensity intensity

Treatment 308.39%* 325.74%* 1.66 1.22 0.01 0.01
(142.48) (137.25) (1.22) (1.19) (0.01) (0.01)

Size 2.14%** 2. 11%%* -0.00 -0.00 -0.00 -0.00
(0.26) (0.25) (0.00) (0.00) (0.00) (0.00)

Debt -3.27% -3.38%* 0.01 0.01 0.00 0.00
(1.95) (1.88) (0.02) (0.02) (0.00) (0.00)

Cash-flow -7.49%* -7.44%%* 0.02 0.01 0.00* 0.00*
(2.99) (2.88) (0.03) (0.02) (0.00) (0.00)

Labour-intensity 1.65 1.78 -0.02 -0.02 0.00 0.00
(3.41) (3.29) (0.03) (0.03) (0.00) (0.00)

Capital-intensity 0.96 0.95 0.01* 0.01* -0.00 -0.00
(0.80) 0.77) (0.01) (0.01) (0.00) (0.00)

Knowledge Stock 4.53 4.86 0.13 0.14 0.00 0.00
(16.85) (16.23) (0.14) (0.14) (0.00) (0.00)

Group 159.25%%* 124.34%* 0.86 0.66 0.01 0.00
(69.39) (66.84) (0.59) (0.58) (0.00) (0.00)

Export -1.74 4.06 0.96 0.81 -0.01 -0.01
(79.93) (76.99) (0.69) (0.66) (0.00) (0.00)

Parameter a -3.01 -12.27 0.01 -0.01 -0.00 -0.00
(19.39) (18.68) (0.17) (0.16) (0.00) (0.00)

Parameter b 0.00 0.01 -0.00 -0.00 -0.00 -0.00
(0.48) (0.46) (0.00) (0.00) (0.00) (0.00)

Parameter ¢ 0.00 0.00 0.00 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

N 932 932 932 932 928 928
adj. R’ 0.399 0.345 -0.004 -0.011 0.041 0.034

R’ 0.43 0.38 0.04 0.04 0.09 0.08
F-test 14.75%%* 11.90%** 0.93* 0.77* 1.88** 1.72%*

Note: Standard errors in parentheses. * p <0.1, ** p <0.05, *** p <0.01. Sector, size and location dummies not reported.

The effect on net R&D 1is around 325 thousand euro. Significant predictors are size
(measured as number of employees, with a positive sign), cash-flow and debt (both with a negative
sign) and belonging to a group of firms (with a positive value). As for cash-flow and indebtedness,

the less the available liquidity, the more a subsidy impact on firm’s R&D additionality, i.e. the
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difference in net R&D investment between treated and non treated firms. In terms of coefficients’
magnitude, measured by standardized coefficients (reported in Table 5), size (i.e., number of
employees) is the most relevant predictor followed by treatment, having however a coefficient three

times lower.

Table 5. Baseline regression for assessing the effect of public support intensity on firm R&D outcomes. Standardized
coefficients.

(1 () 3) “) (%) (6)
Gross R&D Net R&D Gross R&D  Net R&D per  Gross R&D Net R&D
per capita capita intensity intensity
Treatment 0.118%* 0.136%* 0.096 0.073 0.096 0.076
(142.48) (137.25) (1.22) (1.19) (0.01) (0.01)
Size 0.390%** 0.417%** -0.043 -0.038 -0.084 -0.082
(0.26) (0.25) (0.00) (0.00) (0.00) (0.00)
Debt -0.052* -0.059* 0.036 0.029 0.059 0.051
(1.95) (1.88) (0.02) (0.02) (0.00) (0.00)
Cash-flow -0.071%* -0.076*** 0.022 0.019 0.070* 0.069*
(2.99) (2.88) (0.03) (0.02) (0.00) (0.00)
Labour-intensity 0.015 0.018 -0.026 -0.028 0.014 0.012
(3.41) (3.29) (0.03) (0.03) (0.00) (0.00)
Capital-intensity 0.038 0.041 0.070* 0.076* -0.056 -0.052
(0.80) (0.77) (0.01) (0.01) (0.00) (0.00)
Knowledge Stock 0.009 0.010 0.038 0.041 0.028 0.031
(16.85) (16.23) (0.14) (0.14) (0.00) (0.00)
Group 0.066** 0.056* 0.054 0.043 0.054 0.051
(69.39) (66.84) (0.59) (0.58) (0.00) (0.00)
Export -0.001 0.002 0.051 0.045 -0.043 -0.059
(79.93) (76.99) (0.69) (0.66) (0.00) (0.00)
Parameter a -0.057 -0.252 0.022 -0.034 -0.005 -0.094
(19.39) (18.68) 0.17) (0.16) (0.00) (0.00)
Parameter b 0.006 0.019 -0.064 -0.209 -0.156 -0.138
(0.48) (0.46) (0.00) (0.00) (0.00) (0.00)
Parameter ¢ 0.012 0.090 0.056 0.142 0.187 0.133
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
N 932 932 932 932 928 928
adj. R’ 0.399 0.345 -0.004 -0.011 0.041 0.034
R 0.43 0.38 0.04 0.04 0.09 0.08
F-test 14.75%** 11.90%** 0.93*** 0.77*** 1.88%*** 1.72%**

Note: Standard errors in parentheses. * p < 0.1, ** p <0.05, *** p <0.01. Sector, size and location dummies not reported.
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5. The R&D policy dose-response pattern.

In this section, we make a detailed exploration of the support-intensity response function, by
looking both at the pattern of the average treatment effects conditional on the covariates, and at the
factors which characterize and discriminate the two sub-groups of beneficiary firms, respectively
those with a positive and those with a negative net R&D response. The pattern of the dose-response

function for firms’ net R&D expenditure is presented in figure 4.

Figure 4. Dose-response function estimation for companies’ net R&D expenditures.

Higher elasticity | Dose Response Function Lower elasticity

Qutcome variable: rsz_n

- Additionality M iR — _\Crowding—our |
g - i e
I I I [ [ [ I [ [ [ I
0 10 20 30 40 50 60 70 80 90 100
Dose (t)

— ATE(Y)
————— 5% significance

Model: ct-ols

The relation between the amount of additional R&D performed by a company and the subsidy dose
is clearly a non-linear, decreasing curve with different slope, i.e. different sensitivity to the cash-
flow injection brought by the public support. Such pattern is positive below a certain threshold of
the subsidy dose and negative after that value. Three partitions of such pattern can be identified: (i)

a decreasing slope with significant confidence intervals between a range 0 to 14% of subsidy-dose
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with positive additionality effects; (ii) a decreasing slope with not significant confidence intervals in
the range 15% — 40% of subsidy-dose with positive additionality effects; (iii) negative values of the
response function after the 40% threshold, identifying firm crowding-out behavior and thus policy
failure.

The pattern of the R&D support dose-response function thus shows that the impact of public
funding on (net) R&D expenditure is monotonically decreasing, i.e. the slope of the investment to
the funding dose changes along the return function curve by reducing its strength: it follows a
positive and decreasing trend until a threshold. Below that threshold, the response becomes
negative. The negative effect after a dose of public funds of 40% of R&D project costs, is probably
due to the fact that — at such a level — a firm has reached the desired level of investment or, on the
contrary, that the distance between current investments and target investment is wide and filling that
gap induces high adjustment costs. Another reason can concern institutional factors: small firms are
usually the beneficiary of higher dose of public aid in Italy and their structural characteristics
influence the investment behavior. In terms of adjustment costs, it is possible that the distance
between current and target R&D capital is higher for SMEs than for large firms.

In the following section, we develop an analysis of the cross-sectional variation of subsidies’
impact on firm R&D investment. The aim is that of better understanding what drives, in the
presence of various contingencies, firm probability to perform either an additional or a crowding-

out behavior.

6. Explaining different dose-response behavior
In figure 4, there are 110 firms belonging to the additional behavior group (right side), and 61 to the
crowding-out group (left side). We apply a probit regression on companies lying on the right side,

where the dependent variable is a binary variable taking value one for companies obtaining a
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positive additionality effect, and zero otherwise. Table 6 illustrates the results, by showing the

marginal effect of each predictor in terms of elasticity.
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Table 6. Probit regression explaining the probability to obtain a positive R&D policy effect. Marginal effects
(elasticity).

Predictors Elasticity
Size 0.23""
(0.07)
Total R&D spending -0.09"
(0.04)
OoPM 0.06
(0.04)
Age 0.37"
(0.19)
Agé’ -0.14"
(0.08)
Capital intensity -0.06
(0.06)
Indebtedness 1.417
(0.78)
Net R&D intensity 0.39"
(0.08)
Export 0.01
(0.16)
Equity 0.40
(0.35)
Group -0.14™
(0.06)
Pavitt 2 0.02
(0.02)
Pavitt 3 0.05
(0.06)
Pavitt 4 -0.03"
(0.02)
Number of observations 171
Log likelihood -87.03
LR Chi2(14) 48.74%**
Pseudo R’ 0.22
Probability of ATE(x;) > 0 0.72

Note: Marginal effects (elasticities reported). Observe that the generic coefficient of elasticity measures the percentage
change in the probability to obtain a positive additionality due to a 1% increase in the value of the predictor. Standard
errors in parentheses; “ p < 0.1, ™ p < 0.05, "™ p < 0.01; (d) for discrete change of dummy variable from zero to one.
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We choose the following specification of the predictors:

Financial factors. We consider indebtedness, equity and the (current) operating profit margin as
representative measures of firm capital structure. The operating profit margin, in particular, can be
meant as the available gross cash-flow as well as a measure of firm competitive soundness’. Results
show that company indebtedness has a 10% significant and positive effect on firm probability to
perform an additional R&D behavior. The magnitude of this effect — with an elasticity higher than
one — is the largest (in absolute value) among the predictors. Indeed, this variable seems to properly
“catch” firm capacity to access the credit market thus obtaining an additional amount of funds for
implementing additional R&D projects. Both equity and operating profit margin are non significant,
although both with a positive sign, being them possible sources of funding. As a conclusion, R&D
policy additionality seems to be driven, ceteris paribus, by the capacity to access further credit
beyond the funds already available. This may also reflects the traditional reliance of Italian firms on

strict local relations with banks than on the stock market to raise liquidity to invest.

Size. An increasing size shows a positive and highly significant effect on fostering the probability of
doing additionality; hence, smaller sized firms look less sensitive to the cash shock induced by the
subsidy. The size of the elasticity is of 0.23 and it is significant at 1%. This result shows that are
mainly larger firms, with more than 500 employees, which characterize this sub-group positively

reacting to the subsidy. According to the literature, larger firms may more easily spread the fixed

5 Observe that working with a cross-section prevents us to use past profit margins. Moreover, such measure of profit
margin is probably not sufficiently robust, as the propensity to invest in R&D would be better measured by current
gross operating profits plus the discounted expected future returns from an R&D investment minus sunk fixed costs;

however, this is not a variable one can easily observe.
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costs of R&D activities over a larger volume of sales; they may have comparative advantages in
providing collaterals to financial markets, and may be abler to exploit economies of scale and
scope. Moreover, the existence of investment adjustment costs can discourage small firms to
increase their R&D activity. Consequently, small firms can prefer to remain below a given target of

R&D spending.

Gross R&D expenditure. In order to approximate the R&D investment adjustment costs, we adopt
as proxy the gross R&D expenditure, which includes also the amount of subsidy. It is a sort of firm
specific R&D policy target, that one can interpret as a proxy of the disruption strength on the firm
current R&D capital. Coherently with this meaning, we find that this variable has a negative and
significant value on the probability of doing R&D additionality (with an elasticity of -0.1). The
larger the distance between current and target R&D, given by the dimension of the project including

the policy financial aid, the more firms find it difficult to make additional R&D.

Net R&D intensity. This variable has a different meaning compared with the gross R&D
expenditure. It stands for the strategic importance a firm gives to their own R&D activity. In this
case, the adjustment costs induced by the investment lose their importance and the motivation to
survive or that to take a market power position prevails. This variable shows, after indebtedness, the

highest significant probability to promote an additionality behavior.

Market and competition. The decision to invest in R&D may also be influenced by the degree of
product market competition. Export is a variable that ceteris paribus can identify economic
opportunities, as exporting firms need to innovate to keep pace with the higher competitive pressure
of international markets. This variable is however not significant, probably because the R&D

intensity absorbs the meaning of market power and competition.
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Age. The quadratic specification of firm experience measured by its age is significant with negative
quadratic term. It means that being a too young or, on the contrary, a too old company reduces the

probability of obtaining an R&D additionality performance.

Group. Belonging to a group of companies has a significant effect in reducing R&D additionality.
This can be explained by the fact that group companies can rely on a larger pool of complementary
resources already available within the group, being thus less constrained compared with companies

not belonging to a group. The size of the elasticity in anyway low (-0.14).

Technological opportunities. High technological opportunities refer to the possibility of converting
a unit of research effort into larger amounts of new products or better production techniques (Cohen
and Levinthal, 1989). The probit regression shows that the Pavitt sector variables are jointly not
significant (the Pavitt “traditional sector” is used as benchmark). The science based sector,
however, shows a negative significant value, but such result is not enough robust, as only few

companies belong to this sector in our sample.

7. Conclusions

The application of a dose-response model resulted in a positive effect of R&D subsidy policy,
mainly driven by companies receiving a comparatively lower share of R&D covered by public
support (no more than around 20% or 15% for gross and net R&D respectively). The public
investment dose reaches a threshold after which there is no further advantage to invest public
resources. This is a result common to other empirical studies using a dose-response model. These
results ask for a better understanding of the reasons and factors affecting this counterintuitive

conclusion: firms receiving higher share of subsidised R&D are less sensitive to the change in the
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cash-flow availability induced by subsidy injection, and after a certain threshold they crowd-out
self-funded investment.

The literature on the determinants of fixed and R&D investments refer to financial and real
factors: liquidity constraints and adjustment costs (along with structural firm characteristics).
However, two critical elements arise: (i) this literature is fragmented; and (ii) the ex-post evaluation
of R&D public policy usually neither take into account some of these factors (in particular the R&D
investment cost’s side), nor their combined effect.

In order to detect what factors lead to an additional behavior, we run a probit regression for
the probability to perform R&D additionality, using only the supported subsample. As main drivers,
we firstly found firm size and R&D intensity, which represent business strategic value attributed to
R&D. Other relevant drivers are indebtedness (i.e., necessity of external source of credit) and age
(i.e., experience through an inverted-U shape), barriers such as project’s scale (i.e. the total gross
R&D), and finally the fact to belong to an industrial group (with negative sign).

Three clear conclusions can be drawn from this study: (i) liquidity constraints or funding
structure discriminate between different firm response to the public subsidy; (ii) the investment
adjustment cost, approximated by the size of the R&D project (including the amount of subsidy),
discourages firm additionality behavior, and (iii) firm size and strategic relevance of R&D make
companies more responsive to public subsidy. Larger firms are more responsive to public subsidy
than smaller ones, a result that would ask for rethinking the R&D policy design, especially those
formally directed to SMEs. The amount of the subsidy, thought of as the compensation given by
policymakers to reach a target size of the projects, cannot anyway overcome the 40% cutoff, as after
this threshold subsidies seem to overfund R&D projects, with a negative effect on firm R&D
activity.

Some issues remain open for future research. Among them: (i) finding better measures of

adjustment costs; (ii) testing the effect of the interaction between adjustment costs and size (or
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strategic value of R&D); (iii) providing instrumental-variables (IV) estimation, whenever
unobservable factors may drive both the selection into support and the R&D outcome; (iv)
extending this analysis to a panel dataset of companies, which could allow to obtain a measure of
past firm R&D activity, thus making it easier a better assessment of the scope of the adjustment

costs.
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