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Abstract

Both Research and Development (R&D) and Informatmad Communication Technology
(ICT) investment have been identified as sourceeelattive innovation underperformance in
Europe vis-a-vis the United States. In this papeirwestigate R&D and ICT investment at the
firm level in an effort to assess their relativeportance and to what extent they are
complements or substitutes. We use data on a lanbalanced panel data sample of Italian
manufacturing firms constructed from four consemitivaves of a survey of manufacturing
firms, together with a version of the CDM model é@onet al, 1998) that has been modified
to include ICT investment and R&D as the two maipuits into innovation and productivity.
We find that R&D and ICT both contribute to innaeat even if to a different extent: R&D
seems to be the most relevant input for any kindhiedvation; productivity is affected by both
inputs. Moreover, we do not find complementarityivieen R&D and ICT, neither for
innovation, nor for productivity.
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1. Introduction*

Both Research and Development (R&D) and Informatemd Communication
Technology (ICT) investment have been identified aseas of relative
underperformance in Europe vis-a-vis the UnitedeStaFor example, Van Arét al.
(2003) concluded the following in their study oktheasons for lower productivity
growth in Europe: “The results show that U.S. ptlity has grown faster than in the
EU because of a larger employment share in the p@iducing sector and faster
productivity growth in services industries that radktensive use of ICT.” Moncada-
Paterno-Castell@t al. (2009), Hall and Mairesse (2009), and O’Sullival®@@) all
point to the differences in industrial structurpedfically the smaller ICT producing

sector as the main cause of lower R&D intensitiumope.

It is also true that the ICT share of investmentfibbgs in all sectors is lower in Europe
than in the United States. Figure 1 shows the R&WDestment-GDP and ICT
investment-GDP shares for the EU15 and the UnitateS over the 1995-2007 period.
Both show a significant gap and the ICT gap is seha larger than that for R&D.
Thus not only is the ICT-producing sector smalfeEurope, but it is also true that less
investment in ICT is taking place relative to GOH. it is natural to ask whether ICT
investment results in innovation and productivitpwgth in European firms, and how
this kind of investment interacts with R&D investmheDo European firms invest less
in ICT because the productivity of such investmierow, or are there other causes for
this low investment rate? Looking at ICT investmeithin Europe, as we do in Figure
2, we can see that the laggards in ICT as a sHaa# mvestment are Austria, ltaly,
Portugal, and Spaih.This is one of the reasons why the current papect its

attention to data on Italian firms.

" We would like to thank the Unicredit research dapant for having kindly supplied firm level datar f

this project, in particular E. D’Alfonso, A. Pasgtand T. Riti. We also thank Rachel Griffith, Stev

Bond, and Marco Vivarelli for useful comments. Niews expressed herein are those of the authors and
do not necessarily reflect the views of the Bankadj.

! The figure shows ICT investment as a share insgiged capital formation from the OECD website
for 13 EU countries and the United States. No tkasavailable for Luxembourg and Greece, the
remaining members of the EU15.



There is also considerable policy interest in thglications of these kinds of
investment (R&D and ICT) for the skill compositiaf the workforce. One might
expect that R&D would be targeted mainly at new sighificantly improved product
innovation (following the results of much earliemgeys, such as Mansfield, 1968). In
contrast, ICT investment has frequently been fotanbde accompanied by innovations
in processing and the organization of work witte firm (e.g., Greenagt al, 1996).
To our knowledge, very few papers have investigit&® and ICT investment jointly
and tried to assess their relative importance amndhiat extent they are complements or
substitutes. The few papers in the literature hareuced conflicting results. For
example, while Cerquera and Klein (2008) find thahore intense use of ICT brings
about a reduction in R&D effort in German firms, Ry et al. (2009) find a
complementarity effect of ICT with respect to ination in the service sector only in

the Netherlands, albeit one that is small in magist

In this paper we use a version of the well-knowndeioof R&D, innovation, and
productivity that is due to Crepon, Duguet, and felsse (1998) to go beyond prior
work in this area. We treat ICT in parallel with R&s an input to innovation rather
than simply as an input of the production functiBy.doing this, we take into account
the possible complementarities among different syé innovation activities. In
addition we add measures of organizational innowetid explore the interaction among
all these factors. Our analysis examines the femell relationships between product,
process and organizational innovation, labor andl foroductivity, and two of their
major determinants, namely R&D and ICT, using datdirms from a single European
country, ltaly. The evidence is based on a lardeatanced panel data sample of Italian
manufacturing firms in the 1995-2006 period, canstd from the four consecutive

waves of the “Survey on Manufacturing Firms” conigcby Unicredit.

Taking advantage of our previous work (Hall, Lattid Mairesse 2008 and 2009), and
in the spirit of Poldeet al.(2009), we rely on an extension of a modified i@r®f the
CDM model (Griffithet al, 2006) that includes ICT investment together Vidi&D as
two main inputs into innovation and productivity.hi§ extension of the model
specification leads to augmented difficulties irtireation owing to the increased
number of equations with qualitative dependentaldeis: we bypass some of these

difficulties by estimating the different blocks tfie model sequentially, while still
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correcting for endogeneity and selectivity in fiR&D investment. We first consider a
model of R&D investment (consisting of a probit fine presence of the investment
and a regression that predicts its level). Next,tegt different sets of (univariate and
quadrivariate) probit equations for binary indigatoof product, process, and
organizational innovation with the levels of R&DdalCT investments as predictor
variables. Finally we estimate the productivity mefs of the different modes of

innovation in a production function, controllingrfohysical capital.

The next section of the paper reviews the micraieaeetric evidence on the use of
information and communication technology to enhatieeproductivity of firms. This
is followed by a presentation of our model, datd #re results of estimation. The final

section offers some preliminary conclusions.

2. ICT and productivity: a micro perspective

The earliest studies on the link between ICT armtpctivity at the macro level were
mainly aimed at understanding the so-called Soloavadx, i.e. the fact that
“‘computers were visible everywhere except in thedpctivity statistics” (Solow,
1985).

In fact, measuring ICT correctly at the aggregatel is a non-trivial issue. The ideal
measure capturing the economic contribution of tehfmputs in a production theory
context is the flow of capital services, but builglithis variable from raw data entails
non-trivial assumptions regarding the measureménthe investment flows in the

different assets and the aggregation over vintagesgiven type of asset. Moreover,
deflators must be based on hedonic techniques giheerapid technical change in this

sector.

Availability of data at the firm level enables orie overcome some of the
aforementioned issues and at the same time to attmuheterogeneity. In fact, many
studies find an impact on productivity that is geeahan that for ordinary non-ICT
investment, measuring ICT with alternative proxides a measure of the stock of a
firm’s computer hardware at the establishment lefBynjolfsson and Hitt 1995,

Brynjolfsson and Yang 1998, Brynjolfssas al. 2002), ICT use at the firm level
(number of PCs, the use of network, number of eygale using ICT; Greenan and

Mairesse, 1996) and ICT investment expenditure. Tdiger measure is clearly
4



desirable, as it provides a direct measure of invest outlay that can be easily used in
a production function and we will rely on it in oempirical analysis. Also, when
working with cross section data, as we do hereh sucinvestment measure is highly
correlated with the corresponding capital stock snea at the firm level, and much

easier to measure.

Even if based on different indicators, the relagtp between ICT and productivity at
the firm level is generally positive (Black and Icyn (2001) and Bresnahaet al.
(2002) for the US, Greenaat al. (2001) for France, Bugamelli and Pagano (2004) and
more recently, Castiglione (2009) on lItaly), bufll@lone is not enough to affect
productivity. In fact, Black and Lynch (2001) andeBnahan (2002) focus on the
interaction between ICT, human capital and orgditninal innovation. Ignoring these
complementarities may lead to overestimating tfecebf ICT on productivity. In fact,
development of ICT projects requires reorganizatignthe firm around the new
technology, but reorganization needs time to bdempnted and, more importantly, it
implies costs, like retraining of workers, consotsa management time. See also
Brynjolfsson et al. (2002) on the firm valuation effects of informatidcechnology
acquisition, which they show to be partly proxyifeg the costs of the organizational

change that accompanies such acquisition.

Therefore, we treat ICT as an input, both of thedpction function and, more
importantly, of the knowledge production functidn.the first case, we reconcile with
a more traditional view: ICT enables “organizatinavestments, mainly business
processes and new work practices which, in tuaas] to cost reductions and improved
output and, hence, productivity gains. In a lesslitonal view, ICT is an input for
producing new goods and services (like internekivay), new ways of doing business
(B2B) and new ways of producing goods and servigetegrated management).
Consequently, in our modeling framework we treaf B3 a pervasive input rather than
an input of the production function only. By doisg, we take explicitly into account
possible complementarities with innovation activitynainly R&D but also

organizational innovation.

We directly incorporate ICT expenditure into a stunal model based on the “CDM”

framework (Crépon-Duguet-Mairesse, 1998). Créponguet and Mairesse (1998)

propose a model of the relationship among innowatigut, innovation output and
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productivity. The structural model allows a clodeok at the black box of the
innovation process at the firm level: it not onlgadyzes the relationship between
innovation input and productivity, but it also skedome light on the process in
between the two. The CDM approach is based oneetstep model following the
logic of firms’ decisions and outcomes in termsirofovation. In the first step, firms
decide whether to engage in R&D or not and the arhotiresources to invest. Given
the firm’s decision to invest in innovation, thecsad step is characterized by a
knowledge production function (as in Pakes andi¢kels, 1984) in which innovation
output stems from innovation input and other infattors. In the third step, an
innovation augmented Cobb-Douglas production famctdescribes the effect of

innovative output on the firm’s labor productivity.

We extend the CDM model to include an equationl@¥r as an enabler of innovation
and organizational innovation as an indicator elowation output, as in Poldet al.
(2009). Using data from different sources (mainigveys) at the Statistics Netherlands
on firms belonging to the manufacturing and sewicelustries, Poldest al. find that
ICT is an important driver of innovation. While digimore R&D has a positive effect
on product innovation in manufacturing only, thaydf positive effects of product and

process innovation when combined with organizatiomvation in both sectors.

3. The extended CDM model

The model we use has three blocks. The first cteisthe decision whether to invest
in R&D, and how much to spend on the investnfefihe second consists of a set of
binary innovation outcomes during the previous ehyears: introduction of a new or
significantly improved process, introduction of @&wn or significantly improved

product, organizational change associated with gg®dnnovation, or organizational

change associated with product innovation. Theseoawes are presumed to be driven

2 We chose not to treat ICT investment in parabeéR&D because the problem of unobserved ICT
investment is not likely to be of the same ordemafnitude as that for R&D. Roughly 30 per cent of
firms report that they did not invest in ICT duritige past three years, and we included a dummy for
these firms in the regressions where ICT is indlude the right hand side. Note also that we drogped
few cases where total investment (ICT and non-Md3 zero.



by the investment decisions of the firms with resp® R&D, ICT, and physical
capital. The final equation is a conventional laparductivity regression that includes
the innovation outcomes as well. All of the equagion the model are projected on a
list of “exogenous” variables that include a quédria the log of firm size, a quadratic
in the log of firm age, year dummies, survey wawendies, 20 two-digit industry
dummies, and 20 regional dummies. The survey wawvendies are a set of indicators
for the firm’s presence or absence in the four wawé the survey. The left-out
categories are the 1998 year, the machinery inguste Lombardy region (including

Milan), and the first wave pattern.

To summarize, productivity is assumed to dependnanvation, and innovation to
depend on investment choices. Of necessity, oumasbn is cross-sectional only, for
two reasons: first, we have few cases with more thae year per firm (the average
number of observations per firm is 1.4). Second, timing of the questions of the
survey is such that we cannot really assume a tdceuasal relationship between
investment and innovation, since both are measaoved the preceding three years in
the questionnaire. Therefore the results that werteshould be viewed as associations
rather than as causal relationships. This use @bss-sectional approach also means
that the use of investment flows rather than stdockshe innovation equations is
inconsequential. The following subsections discties models estimated in more

detalil.

3.1. The R&D decision

In this first stage, we treat the decision to invasR&D. A firm must decide whether
to do R&D or not, then, given that the firm choosesdo R&D, it must choose the
investment intensity. This statement of the problean be modeled with a standard
sample selection model. We usdo denote R&D investment, and define the model as

follows:

% For example, a firm present in all the four wawgishave a “1111” code, “1000” if present in tHest
only, “1100” if in the first and in the second onand so forth. These codes are transformed in& af
fourteen dummies {2= 16 minus the 0000 case and the exclusion réstr)c



ox = L if DX =wa+e >T

| . . ~ (1)
0 if DX, =wa+e £T

DX; is an (observable) indicator function that takati® 1 if firmi has (or reports)
positive expenditures o, DX is a latent indicator variable such that firalecides to
perform (or to report) expenditures if it is abavegiven thresholdc, w; is a set of
explanatory variables affecting the decision, ands the error term. For those firms

doing R&D, we observe the intensity of resourcestl to these activities:

X' =zb+ if DX =1
X = [ 4 ¢ | b

2
"0 if DX, =0 @)

whereX* is the unobserved latent variable correspondirthedirm’s investment, and

z is a set of determinants of the expenditure intgn&Ve measure expenditure
intensity as the logarithm of R&D spending per emypke. Assuming that the error
terms in (1) and (2) are bivariate normal with zerean and covariance matrix given

by
1
/s . s?

e e

the system of equations (1) and (2) can be estanayemaximum likelihood. In the
literature, this model is sometimes referred to aasHeckman selection model
(Heckman, 1979) or Tobit type Il model (AmemiyaB4).

Before estimating the selection model for R&D, werfprmed a semi-parametric test
for the presence of selection bias (see Das, Nandy/ella, 2003, and Vella, 1998 for
a survey). Results are in Table 3 in the Appendidike the case in Hall et al. (2009),
which used only small and medium-sized firms, wenfib significant bias in the R&D

equation from selection, so we included the sedaeatnodel in our estimation strategy.

3.2. Innovation outcomes

In the second step, we estimate a knowledge prinaiutinction but, as in the original
CDM model, in order to account for that part ofamation activity that has not been

formalized, we do not restrict estimation to R&DIGT performing firms only. This is

likely to be especially important for SMEs, whiapresent nearly 90% of our sample.
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The outcomes of the knowledge production functioe ®ur types of innovation:

product, process, and organizational innovationaaged with either of these:
INNOQ' =g RD + ¢ ICT+ gl +xd+p  j=1..54 4)

whereRD* is the latent R&D effort, which is proxied by theedicted value of R&D
from the model in the first stepCT; is ICT investment intensity, anlg is ordinary
investment intensityx; is the set of common covariates plus a dummy évo 2CT

investment, and the error terfus} are distributed normally with covariance matrix

We measure ICT and ordinary investment intensagshe log of annual expenditure
per employee. We argue that including the predi®é&D intensity in the regression
accounts for the fact that all firms may have sdinel of innovative effort, but only
some of them report it (Griffitret al, 2006). Moreover, using the predicted value
instead of the realized value is a sensible wagdwsument the innovative effort in the
knowledge production function in order to deal wd#imultaneity problem between

R&D and the expectation of innovative success.

Equation (4) is estimated as a quadrivariate profatiel using the GHK algorithm

(Greene 2003, Cappellari and Jenkins, 2003), asguthiat the firm characteristics
which affect the various kinds of innovation are tame, although of course their
impact may differ. We also estimate various bivariand trivariate probit versions of

the model.

3.3. The productivity equation

In the third and final step of the model, productie modeled using a simple Cobb-
Douglas technology with labor, capital, and knowledputs:

y, =pk +INNGp, + Zy +n,

wherey is labor productivity (sales per employee, in Jogsis the log of capital per
worker, INNO* is a set of predicted probabilities of innovatieanh the second step,

* We present the general form of the model hery thig: four distinct types of innovation. In praetive
found the effects difficult to identify separatelgd later on we explore various reductions of tioeeh
to 2 or 3 innovation variables only.
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and theZ are the controls included in all equations. N¢it&t & includes the log of
employment (size), so that this production equatioes not impose constant returns to

scale.

We tried to include in the productivity equatiorteahative combinations of the
predicted probabilities of process, product andanizational innovation, but the high
levels of correlation between them prevented usnfrobtaining stable results.
Therefore, in line with the results from Table 4e wecided to simply include the

probability of any kind of innovation instead.

4. Data and descriptive statistics

We use firm level data from the®78" 9" and 18 waves of the “Survey on
Manufacturing Firms” conducted by Unicredit (anlita commercial bank, formerly
known as Medicredito-Capitalia). These four survesse carried out in 1998, 2001,
2004 and 2007 respectively, using questionnairenirastered to a representative
sample of Italian manufacturing firms. Each survegvered the three years
immediately prior (1995-1997, 1998-2000, 2001-202304-2006) and although the
survey questionnaires were not identical in allrfo@l the surveys, they were very
similar in the sections used in this work. All fisnwvith more than 500 employees were
included in the surveys, whereas smaller firms vaelected using a sampling design
stratified by geographical area, industry, and fasize. We merged the data from these
four surveys, excluding firms with incomplete infoation or with extreme
observations for the variables of interest.

Our final sample is an unbalanced panel of 14,28€evations on 9,850 firms, of
which only 96 are present in all four waves. Tablntains some descriptive statistics
for the unbalanced panel. Not surprisingly, thenfsize distribution is skewed to the
right, with an average of 114 employees, but withexian of 35 only. In our sample,

® In addition to requiring nonmissing data for ewhityg except R&D and ICT investment, we require
that sales per employee be between 5000 and li@nreliros, capital per employee between 200 and 10
million euros, growth rates of employment and satesween -150 per cent and 150 per cent, and
investment, R&D, and ICT investment per employes an 2 million euros. In addition, we restria t
sample by excluding the very few observations whieeeage of the firm or total investment (ICT and
non-ICT) is missing. For further details, see Hatlti and Mairesse (2008).
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two-thirds of the firms engage in some sort of wat®n activity, but only 34% invest
in R&D, with an average of 3800 euros per employ&hile nearly 70% of the firms in
the sample invest in ICT, the intensity with whitiey invest is much lower when

compared to R&D, less than one thousand eurosrpelogee.

Turning to the variables we will use to determine R&D investment choice, 42% of
the firms in the sample report that they have maficompetitors, while 17% and 14%
have European and international competitors, réspede A quarter of the firms
belong to an industrial group. Interestingly, 42%he firms in our sample received a
subsidy of some kind (mainly for investment and R&2 do not have more detailed
information on the subsidies received). Only onelthf the sample consists of firms in
high-tech industries, reflecting the traditionadtee orientation of Italian industry.

In Table 2 we look at some of the innovation intbeca more closely. A firm that
invests in R&D is also slightly more likely to instein ICT (compare 34%*68% = 23%
to 27%). For 27% of the firms product and proces®vations go together, while 24%
are process innovators only. Only 30% of the fimggort that they have undertaken
organizational change associated with innovatioot surprisingly organizational
change associated with either product or proces®vation is more likely to
accompany the corresponding type of innovation.

In the last panel of Table 2 we show the distributof the various combinations of
innovation activities: product, process, and orgaiional. There are®2= 8 possible
combinations but only four account for three quartef the observations: No
innovation (33%), only process innovation (15%pdarct and process together (15%),
and all together (12%). In general, as we saw ghaeeess innovation is more likely
than product innovation for these firms, and eitbiee more likely than organizational
innovation. The final two columns in the bottom pbof Table 2 also show that there
IS some association between the various formsrafvation and both doing R&D and
investing in ICT, although the association is stg@rnfor R&D.
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5. Results and discussion

5.1. R&D, ICT, and investment equations

To test for selection in R&D reporting, we firstiesated a probit model in which the
presence of positive R&D expenditures is regressec set of firm characteristics:
firm size and its square, firm age and its squareset of dummies indicating
competitors’ size and location, dummy variablesigating (i) whether the firm
received government subsidies, and (ii) whethefithebelongs to an industrial group,
along with industry, region, time, and wave dummibe results are reported in Table
A3 in the appendix. From this estimate, for eaaimfiwe recover the predicted
probability of having R&D and the corresponding Blilratio. Then we estimate a
simple linear (OLS) for R&D intensity, adding toighequation the predicted
probabilities from the R&D decision equation, theall§ ratio, their squares and
interaction terms. The presence of selectivity lisathen tested for by looking at the
significance of those “probability term8”.The probability terms were jointly
significant, with a %(5) = 33.8. We therefore concluded that selection Wias present
and estimated the full two equation model by maxmmlikelihood (the final two
columns of Table A3). The results confirmed thesprnee of selection, with a highly
significant correlation coefficient of almost O-Fhe interpretation of this result is that
if we observe R&D for a firm for whom R&D was notpected, its R&D intensity will
be relatively high given its characteristics. Casedy, if we fail to observe R&D, its

R&D intensity is likely to have been low conditidman its characteristics.

Turning to the R&D intensity equation itself, westiobserve that selection appears to
have biased the coefficients towards zero in génkua did not have much effect on
their significance (compare columns 2 and 4 of &ahB). R&D intensity falls with
size, reaching its minimum at about 380 employewesthen rising again. It also falls

with age, but this is barely significant. Firms ife European or other international

® Note that this is a generalization of Heckman’s step procedure for estimation when the errorgerm
in the two equations are jointly normally distribdt The test here is valid even if the distribui®not
normal.
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competitors have much higher R&D intensities (byo2@0 per cent), as do firms that
are members of a group or who receive subsidiesmk kind. This last result suggests

that financial frictions may be important for thésms.

For comparison to the R&D equation, we also esthaquations for ICT and non-
ICT physical investment using ordinary least sgsiafEable 3 presents the results,
along with our chosen specification for R&D investth We do not expect that
reporting bias or selection is as an importantssue for these kinds of investment,
both because they are more easily tracked, andbaisause they do not exhibit the
same kind of threshold effects arising from sunktgblin general, we find that these
kinds of investment are somewhat harder to predmnh R&D. Like R&D, ICT and
non-ICT intensities fall with size, but reach a mmam at smaller sizes of 100 to 200
employees and then increase again. The naturengdetition does not appear to have
much impact, but group membership and subsidiesBdong a member of a group
boosts ICT investment by 25 per cent and receisngsidies (which are often
investment subsidies) increases non-ICT investingdO per cent. Interestingly, there

is regional variation in R&D and ICT investmenttiomot in ordinary investment.

Based on the results of this exploration of sedectssues in the reporting of the three
types of investment, in the next section of thegpape will use the predicted values of
R&D intensity (the expectation of R&D intensity abtional on the other firm
characteristics) and the reported values of ICT aod-ICT investment intensity to
explain the propensity for different kinds of inmdon. This approach is justified both
by the evidence that there is reporting bias in R&Dt not in the other kinds of
investment and by the observation that R&D is nubffecult to measure, especially in
smaller firms, because it occurs as a byproduabtbér activities and may not be
separately tracked.

" In fact, we tested for selection in the ICT anch18T investment intensity equations, and found tha
there was a weak selection effect for the ICT éqonand none for the non-ICT equation.
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5.2. The innovation equations

Table 4 presents the results of estimating a quadaie probit model for the four types
of innovation as a function of predicted R&D invasnt, ICT and non-ICT realized
investment, and the size, age, and dummy variaBlefour innovation variables have
similar relationships to the size and R&D intengifythe firm, with the probability of
innovation peaking somewhere between 500 and 1@0Plogees, and increasing
strongly with R&D intensity. ICT investment intetysis associated with product and
organizational innovation, but not with processowation, although not having any
ICT investment is strongly negative for processiwation. Older firms are more likely
to product-innovate, but the age of the firm is associated strongly to other types of
innovation. Finally, the residual correlation oétimnovation variables after controlling
for these factors is much higher than the raw d¢atioss, suggesting that the firms

have a strong idiosyncratic tendency towards intiona

The model estimated in Table 4 can be used to gendne predicted probabilities of
the 16 = 2 possible combinations of types of innovation,adivhich exist in our data.
Unfortunately, we encountered considerable difficwthen we attempted to include
these predicted values in the labor productivityagmn, in the form of coefficient
instability due to multicollinearity of the varioysedicted values. The upper panel of
table A5 in the appendix shows the correlation ketwthe actual four types of
innovation dummies; as expected, process (prodegdfted innovation is highly
correlated with process (product) innovation. Thddie panel shows the correlations
between the predicted innovation dummies, compudtedch the estimates of the
quadrivariate probit model for innovation shown Tiable 4. As one can observe,
correlations are nearly doubled with respect toaitteal values, ranging from 0.25 to a
0.86. For this reason, the estimates were alsce qgansitive to the inclusion and
exclusion of other right hand side variables, amdhe exact form of the innovation
equation. Moreover, it appears that having only shynvariables for four different
types of innovation is simply not enough informatito measure the complex
innovation profile of individual firms. Because wbserve all 16 possible combination
in reasonable numbers, the problem is not merely $bme types of innovation are

always accompanied by others, but more one of tiestantial measurement error
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introduced when translating innovative activityora simple, dichotomous “yes or no

guestion.

To mitigate this problem and to attempt to obtaioren stable results for the
productivity equation, we considered collapsingitir®vation indicators in all possible
ways to make 3, 2, or 1 indicators, and then esichdahe appropriate trivariate,
bivariate, or univariate probit model on the rasgltdata (results are not shown for the
sake of clarity). We looked at the explanatory poafeeach model used by computing
twice the log of the likelihood ratio for the fitemodel versus a baseline multinomial
model where the theoretical probability of eachowation combination is equal to the
actual probability. These chi-squared measuresioapd degree to which the fit of the
model is improved by including the 64 regressorse(sage, R&D, ICT, investment

along with year, wave, region, and sector dummrespach probability equation.

Using the criterion of highest chi-squared improeemper coefficient, the most
preferred specification turned out to be the sisipleshere innovation is defined as
simply any one or more of process, product, or mizggional innovation associated
with process or product, and the next most prefewembines the organizational
innovation variables with the corresponding processl product variables. Our
conclusion is that the answers to the four diffeianovation questions do not really
provide information on four completely differenttiaties, but rather on aspects of one
or two kinds of innovative activity. That is, beimgovative in the sense of introducing
something new to the market or firm practice matgeatself in several directions at
once, but the yes/no answer to the various waysjtiestion is asked are sufficiently
noisy to obscure this fact. Moreover, it is velgely that firms that introduce one type
of innovation would naturally develop others togue efficiency in the production. To
explore this issue, we will perform possible commpdatarity tests between the

different kinds of innovation in the next section.

5.3. The labor productivity equation

In the last part of the analysis we look at thedpuativity impacts of innovation
activities. Table 5 shows estimates of equation Wh and without including a

measure of ICT investment, and for two alternaiiekcators of innovation activities: a

15



dummy variable for any kind of innovation and theegicted probability of any

innovation as coming from column (5) of Table 4.

Conventional variables (capital, investment, emplegt and firm's age) are included
in each specification. The first column show resiidir a basic specification without
indicators of innovation activity, but with the pieted R&D intensity and the actual
ICT intensity as proxies for the innovative effortbey both show a positive effect on
productivity, slightly higher for R&D. When ICT imstment is included, investment

exerts a lower impact on productivity, even ifsittiarely significant.

The dummy variable for the actual presence of ang lof innovation (column 2)
would suggest that innovation has no effect on pecodity, while if we proxy
innovation with the predicted probability of anynavation we find a positive effect:
doing any kind of innovation increases productivityarly 20 percent (column 3).
Using the predicted probability instead of the atfaresence/absence of innovation is
more appropriate to account for possible endoggnssues concerning knowledge

inputs.

Nevertheless, when we include ICT investment inplaeluctivity equation (column 4),
the predicted probability of innovation activity olses its significance; ICT per
employee itself is a better predictor of produtyivgains than the probability of
innovation predicted by ICT and R&D investment.

The remaining variables in the productivity equasicare fairly standard and not
affected by the choice of innovation variables. @dpntensity has a somewhat low
(but reasonable in light of the included industyrdnies, which tend to depress it)
coefficient. Productivity falls with size and agmd in the case of size it reaches a
minimum at around 140 employees, suggesting tleatatger medium-sized firms in

Italy are less productive than the smallest ordsrg

Due to the high levels of correlation between thedmted probabilities of process,
product and organizational innovation, it was nosgble to include them in the
productivity equation to get sensible results. Nithedess, high correlations as the ones
reported on Table A5 in the appendix, may suggestesdegree of complementarity
between the different kinds of innovation, whictwiarth to be further explored. To do

this, we run some tests of supermodularity on teelyction function (see Milgrom
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and Roberts, 1990 for a definition of supermodutyari An important result we use for
our empirical analysis is that whenever the din@m®f the set containing all the
combinations of the variables of interest is higtiem 2, it is sufficient to check for

pairwise complementarity (Topkis, 1978 and 1998 cd&l that in our data we have
four variables for innovation outcomes (processov@ation, product innovation,

process related organizational innovation and prbduelated organizational

innovation), all measured with a 0/1 dummy varialterefore, each combination of
innovation outcome can be expressed with a founete vector like (0,0,0,0),

(1,0,0,0),..., (1,1,1,1) for a total of*216 possibilities. Since we check pairwise
supermodularity, we must test 24 inequality comstsd Results, reported on Table 6,
indicates that there is no overall complementdrégween the four kind of innovation,
while some degree of complementarity, although weskfound between process
(product) and process (product) related innovatibhe negative signs of those
coefficients suggest that a combination of proggseduct) and process (product)
related innovation may have a disruptive effechtrigfter their introduction, but they

are likely to lead to productivity gains in theutg.

6.ICT and R&D: complements or substitutes?

Despite the difficulties in measuring correctly avation activity, what emerges from
the estimation of the modified CDM model is thatth®&D (actual or predicted) and
ICT investment make a significant, positive conitibn to the firms’ ability to
innovate and to their productivity. Of course, tannels through which two kinds of
investment exert their effects are not the same Asnsequence, the question whether

R&D and ICT are complements or substitutes is atitegte one, especially for a

8 For example to check whether process and producivation are complementary we must look at 4
inequalities with all the possible combinations presence/absence of process and product related
organizational innovation. For process and prodmciovation with process and product related
organizational innovation the condition to be dmis is: QP(1,1,1,1)-QP(1,0,1,1)-
QP(0,1,1,1)+QP(0,0,1,39, where QP(.) is the coefficient correspondingte predicted probability
from the quadrivariate probit used as a dependanable in the productivity equation. The remaining

inequalities are analogous.
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country like Italy where the presence of small &rie massive and innovation is often
embedded in machinery and in technology adoptionrthis specific case, we would
like to know whether marginal returns to R&D incseaas ICT investment increases

and vice versa.

As we did in the previous section, we perform aesomdularity test to check whether
there is complementarity between R&D and ICT widgards to firms’ ability to
innovate and their productivity. Like in the prewgsection we use dummy variables
for the presence of R&D and ICT investment. If theurns to ICT and R&D together
are higher than the returns to the R&D and ICT @lame can conclude that they are
complementary. We first run a bivariate probit vehéine dependent variables are the
presence/absence of R&D and ICT, with a few firnelecontrol variables (Table A6,
columns 1 and 2), to recover the predicted proltigsilof doing R&D, ICT and both,
to be used later in the complementarity tests.hin last columns of Table A6, the
impact of the presence of R&D and ICT investmemwtu@ and predicted) on labor
productivity is estimated: the null of no complenzeity cannot be rejected. The same
exercise for innovation is reported on Table A7.aig using both actual and
predictions, R&D and ICT turn out to be not compdens, but nor substitutes, since
the value of the test is never significantly diéiet from zero. Our interpretation is that
while these two kinds of investment are very défagrfrom each other — R&D is risky
and leads to intangible assets, ICT reflects maoranaestment and it is basically
embodied technological change — they both contibtda the development of

innovations and to productivity, but through ditfet channels.

7.Conclusions

In this paper we examine the firm level relatiopshbetween product, process and
organizational innovation, productivity, and two tbeir major determinants, namely
R&D and ICT, using data on firms from a single Epgan country, Italy. The element
of novelty of our approach is that we treat ICTpiarallel with R&D as an input to
innovation rather than simply as an input of thedoiction function. By doing this, we
acknowledge the existence of possible complemdéiesramong different types of
innovation inputs. Our empirical evidence is baeseda large unbalanced panel data

sample of Italian manufacturing firms in the 19988 period, constructed from the

18



four consecutive waves of the “Survey on ManufaoturFirms” conducted by
Unicredit. We extend the CDM model to include awatpn for ICT as an enabler of
innovation and organizational innovation as andattir of innovation output. We find
that R&D and ICT both contribute to innovation, Bvé to a different extent. R&D
seems to be the most relevant input for innovatoon,if we keep in mind that 34 per
cent of the firms in our sample invest in R&D wh@8 per cent have investment in
ICT, the role of technological change embodiedGit Ishould not be underestimated.
Importantly, ICT and R&D contribute to productivityoth directly and indirectly

through the innovation equation, but they are eeitomplements nor substitutes.

One aspect that has been left aside from the asadyshe relevance of skills, mostly
due to data constraints, though there is consenstie literature about the enabling
role of skills with respect to organizational inatien and, in turns, to the effectiveness

of ICT investment (Greenan et al, 2001, Bugamelii Ragano, 2004).

A relevant, more general result worth to be furtvgplored in the future, is related to
the way innovation is measured. Although definisionf product, process and
organizational innovation are standardized, beingrly variable (yes/no), on one side
they fail to measure the height of the innovatitpson the other they do not capture

the complexity of the innovation processes withia firm.

19



References

Black, S. E., and L. M. Lynch (2001). “How to ConpgeThe Impact of Workplace Practices
and Information Technology on ProductivityReview of Economics and Statistics
83(3), 434-45.

Bresnahan, T. F., E. Brynjolfsson, and L. M. H002). “Information Technology, Workplace
Organization, and the Demand for Skilled Labor:nflrevel Evidence,”Quarterly
Journal of Economic&17(1), 339-76.

Brynjolfsson, E., and L. M. Hitt (1995). “Informath Technology as a Factor of Production:
The Role of Differences Among Firms,Economics of Innovation and New
Technology3 (January).

Brynjolfsson, E., and L. M. Hitt (2000). Beyond Cpuatation: Information Technology,
Organizational Transformation and Business PerfoomaJournal of Economic
Perspectived4 (4), 23-48.

Brynjolfsson, E., L. M. Hitt, and S. Yang (2002)ntdngible Assets: Computers and
Organizational CapitaBrookings Papers on Economic Activity137-199.

Brynjolfsson, E., and S. Yang (1998). The IntangilBenefits and Costs of Computer
Investments: Evidence from the Financial MarketdT Mloan School and Stanford
Graduate School of Business. Manuscript.

Bugamelli, M. and P. Pagano (2004), “Barriers teektment in ICT”, Applied Economics,
36(20), pp. 2275-2286.

Cappellari, L., and S.P. Jenkins (2003), “Multieaei Probit Regression Using Simulated
Maximum Likelihood”, Stata Journal, 3(3), pp. 27842 (http://www.stata-
journal.com/sjpdf.html?article=st0045)

Cappellari, L., and S.P. Jenkins (2006), “Calcomtof Multivariate Normal Probabilities by
Simulation, with Applications to Maximum Simulatédkelihood Estimation”, ISER
Working Paper, n. 2006-16.

Castiglione C. (2009). "ICT Investment and Firm Amical Efficiency”, paper presented at
EWEPA 2010, Pisa, June.

Cerquera D. and G. J. Klein (2008). "EndogenousnFiteterogeneity, ICT and R&D
Incentives", ZEW Discussion Paper No. 08-126.

Crépon B., E. Duguet and J. Mairesse (1998). Relegannovation and Productivity: An
Econometric Analysis at the Firm LeveEconomics of Innovation and New
Technology7(2), 115-158.

Draca M., R. Sadun and J. Van Reenen (2007). Ptisdycand ICT: A Review of the
Evidence, in Mansell, R., C. Avgerou, D. Quah andRverstone (Eds.)The Oxford
Handbook of Information and Communication Techniglggxford University Press.

Greenan, N., and J. Mairesse (2000). Computerspeadlictivity in France: Some evidence.
Economics of Innovation and New Techno|d(), 275-315.

Greenan N., A. Topiol-Bensaid and J. Mairesse (R0Ddformation Technology and Research
and Development Impacts on Productivity and Skilleoking for Correlations on
French Firm Level Data", innformation Technology, Productivity and Economic
Growth, M. Pohjola ed., Oxford University Press, 119-148.

Greene, W.H. (2003Econometric Analysjsoth ed. Upper Saddle River, NJ: Prentice-Hall,
pp. 931-933.

20



Griffith R., E. Huergo, B. Peters and J. Maires®@06). "Innovation and Productivity across
Four European CountrieOxford Review of Economic Polic32(4), 483-498.

Hall, B. H. and J. Lerner (2010). “The FinancingRa&D and Innovation.” In Hall, B. H. and
N. Rosenbergiandbook of the Economics of Innovati@tsevier, forthcoming April.

Hall B. H., F. Lotti and J. Mairesse (2008). "Emyttent, Innovation and Productivity:
Evidence from Italian MicroDataTndustrial and Corporate Changéd7 (4), 813-839.

Hall B. H., F. Lotti and J. Mairesse (2009). "Ination and Productivity in SMEs: Empirical
Evidence for Italy" Small Business Economj&3, 13-33.

Hall B. H. and J. Mairesse (2009). “Corporate R&Btitns,” Knowledge Economists’ Policy
Brief N° 6, DG Research, European Commission.

Mairesse, J. and Y. Kocoglu (2005), “Issues in Meag Knowledge: The Contribution of
R&D and ICT to Growth,” Paper presented at the Awvag Knowledge and the
Knowledge Economy conference, National Academieashnhgton, DC.

Mansfield, E. (1968)/ndustrial Research and Technological Innovatiom Econometric
Analysis W.W. Norton & Co, New York.

Milgrom, P. and J. Roberts (1990), “The EconomitdMoadern Manufacturing, Technology,
Strategy and Organization®merican Economic Review0, 511-528.

Moncada-Paterno-Castello, P., C. Ciupagea, K. SrhitfTibke and M. Tubbs (2009). “Does
Europe perform too little corporate R&D? A compan=f EU and non-EU corporate
R&D performance,” Seville, Spain: IPTS Working Pams Corporate R&D and
Innovation No. 11.

O’Sullivan, M. (2006). “The EU’S R&D Deficit and trovation Policy,” Report of the Expert
Group of Knowledge Economists, DG Research, Eumo@anmission.

Polder M., G. Van Leeuwen, P. Mohnen and W. Raym@@9). “Productivity Effects of
Innovation Modes”, Statistics Netherlands Discus$taper n° 09033.

Topkis, D.M. (1978). “Minimizing a Submodular Fuimt on a Lattice”Operations Research
26, 305-321.

Topkis, D.M. (1998), “Supermodularity and completaeity”, In: Kreps, D.M., Sargent, T.J.,
Klemperer, P. (Eds.Frontiers of Economic Research Seri€sinceton Univ. Press,
Princeton.

Van Ark B., R. Inklaar and R. H. McGuckin (2003)CT and productivity in Europe and the
United States: Where do the differences come fro@ESifo Economic Studies, Vol.
49 (3), 295-318.

Van Reenen J. and L. Chennells (2002). "The Effeét3echnological Change on Skills,
Wages and Employment: A Survey of the Micro-ecorbimeEvidence ", in
Productivity, Inequality and the Digital Economy: Fansatlantic PerspectiyeN.
Greenan, Y. Lhorty and J. Mairesse eds., MIT PrEgs;225.

21



Appendix

Variable Definitions

R&D engagementdummy variable that takes value 1 if the firm hasipve R&D
expenditures over the three year of each waveeoavey.

R&D intensity:R&D expenditures per employee (thousand Euroggahterms and in
logs.

Process innovationdummy variable that takes value 1 if the firm dee$ to have

introduced a process innovation during the threesyef the survey.

Product innovation:dummy variable that takes value 1 if the firm dee$ to have
introduced a product innovation during the threargef the survey.

Process related organizational innovatiodummy variable that takes value 1 if the
firm declares to have introduced a process relatgdnizational innovation during the

three years of the survey.

Product related organizational innovatiomlummy variable that takes value 1 if the
firm declares to have introduced a product relagnizational innovation during the

three years of the survey.

Share of sales with new producpercentage of the sales in the last year of theegu
coming from new or significantly improved produ@ts percentage).

Labor productivity real sales per employee (thousand Euros), in logs

Investment intensitynvestment in machinery per employee (thousanguin logs
(ICT excluded).

ICT investment intensitynvestment in ICT per employee (thousand Euros)pgs

(three year average).

Public support:dummy variable that takes value 1 if the firm heseived a subsidy
during the three years of the survey.

Regional — National — European -—International (n&VU) competitors: dummy
variables to indicate the location of the firm’swoetitors.

Large competitorsdummy variable that takes value 1 if the firm dee$ to have large
firms as competitors.
22



Employeesnumber of employees, headcount.

Age:firm’s age (in years).

Industry dummiesa set of indicators for a 2-digits industry cléisation.
Time dummiesa set of indicators for the year of the survey.

Region dummiesa set of indicators for the region where the filsnlocated (20

variables).

Wave dummies set of indicators for firm’s presence or abseincthe three waves of

the survey
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Period: 1995-2006

14,294

Num. of observations (firms) (9,850) Firms with large firms as competitors 39.1%

N. of employees (mean/median) 114/ 35 Firms with regional competitors 16.1%

Age (mean/median) 27/ 22.5 Firms with national competitors 41.9%
Firms with EU competitors 17.4%

Firms with non-ICT investment 84.2% Firms with international competitors 14.0%

Firms with R&D 34.2% Firms within a group 24.7%

Firms with ICT 68.3% Firms subsidies’ recipients 37.2%
Firms with product innovation 38.9%

non-ICT investment intensity for

firms that invest* (mean/median) 8.64/ 4.54 Firms with process innovation 50.9%

R&D intensity for R&D-doers* Firms with both product and process

(mean/median) 3.79/ 1.63 innovation 26.9%

ICT intensity for ICT investors* Firms with organizational innovation

(mean/median) 0.79/ 0.34 for product innovation 15.0%

Average capital intensity* Firms with organizational innovation

(mean/median) 52.0/ 25.8 for process innovation 24.0%

Labor productivity*

(mean/median) 219.5/ 157.8 Firms with high skill intensity 39.0%

Variable Mean/median

N. of employees 114/ 35

Age of firm 27/ 22.5

Non-ICT investment intensity for

firms that invest* 8.64/ 4.54

R&D intensity for R&D-doers* 3.79/ 1.63

ICT intensity for ICT investors* 0.75/ 0.34

Average capital intensity* 52.0/ 25.8

Labor productivity* 219.5/ 157.8

*Units are real thousands of euros (base year=2000) per employee.

25



Investing in ICT

No Yes Total
No 24.8% 40.9% |65.7%
Doing R&D Yes 6.9% 27.4% 34.3%
Total 31.7% 68.3%
Org change for process
Product innovation innovation
No Yes No Yes
No 37.1% 12.0% No 44.7% 4.4%
Process innovation Yes 24.0% 26.9% Yes 31.3% 19.6%
Organizational change for product |No 59.1% 25.9% No 71.2% 13.8%
innovation Yes 2.0% 13.0% Yes 4.8% 10.2%

Patterns of innovation

ICT-

Innovation dummy patterns Obs Share  Cum share R&D-doers investors
None 4,683 32.8% 32.8% 13.8% 27.7%
Process only 2,199 15.4% 48.1% 12.1% 15.5%
Product and process 2,087 14.6% 62.7% 20.1% 14.6%
All (prod/proc/org) 1,755 12.3% 75.0% 22.1% 15.3%
Process and organizational 1,234 8.6% 83.7% 9.7% 10.3%
Product only 1,212 8.5% 92.1% 12.0% 7.7%
Organizational only 624 4.4% 96.5% 4.3% 4.6%
Product and organizational 500 3.5% 100.0% 5.8% 4.2%
Total 14,294 34.2% 64.1%
Any product innovation 5,554 38.9% 60.0% 41.8%
Any process innovation 7,275 50.9% 64.1% 55.7%
Any organizational change 4,113 28.8% 42.0% 34.4%
Innovation dummy patterns Obs Share

None 4683 32.8%

Process only 2,199 15.4%

Process and product only 2,087 14.6%

All four types together 1,278 8.9%

Product only 1,212 8.5%

Process and org process only 1,148 8.0%

Org process only 426 3.0%

Product and org product only 401 2.8%

Process, product, and org process 336 2.4%

Process, product, and org product 141 1.0%

Org process or product only 102 0.7%

Org product only 96 0.7%

Product and org process only 63 0.4%

Process and org product only 47 0.3%

Process and both organizational 39 0.3%

Product and both organizational 36 0.3%
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Sample selection

OoLs

OoLS

Dependent variable Log R&D Log ICT Log investment
per employee per employee per employee
Log employment -0.241%** -0.126%** -0.072**x*
(0.029) (0.019) (0.018)
Log employment squared 0.060*** 0.045*** 0.040***
(0.012) (0.009) (0.007)
Log age -0.056* 0.031 -0.025
(0.029) (0.021) (0.020)
Log age squared 0.011 0.007 0.003
(0.029) (0.020) (0.020)
D(Large firm competitors) 0.044 0.014 0.028
(0.039) (0.027) (0.026)
D(Regional competitors) -0.107 -0.080 0.019
(0.082) (0.057) (0.050)
D(National competitors) -0.080 -0.007 -0.031
(0.072) (0.050) (0.044)
D(European competitors) 0.226*** 0.067 0.008
(0.079) (0.056) (0.050)
D(International competitors) 0.330*** 0.086 0.010
(0.082) (0.058) (0.052)
D(Received subsidies) 0.398%** 0.089%*** 0.406%**
(0.043) (0.028) (0.027)
D(Member of a group) 0.240*** 0.239*** 0.099***
(0.047) (0.035) (0.033)
Chisq or F-test for competitor vars# 80.3*** 3.3%%* 0.8
Chisq or F-test for industry dummies 277.9%** 7.3%%* 32.2%%x*
Chisq or F-test for regional dummies 68.9%** 3.6%%* 1.3
Chisq or F-test for time dummies 224.6%** 15.0%** 35.6%**
Chisq or F-test for wave dummies 18.3 4. 8x%* 3.3%%x
Standard error 1.278 (0.022) 1.237 1.283
R-squared 0.175 0.059 0.100
Number of observations 4,896 9,678 12,034

Coefficients and their standard errors are shown. The standard errors are robust to heteroskedasticity and clustered at the firm level.
* = significant at 10%, ** = significant at 5%, *** = significant at 1% .

Industry, wave, regional, and time dummies are included in all equations.

Reference groups: D(provincial competitors), Lombardia, 1997, first wave pattern.

# The first column shows a chi-squared test, and the others show F-tests.
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Number of observations 14294 14294
Pseudo R-squared 0.102
Log likelihood -27,382.89 -8,120.47

Coefficients and their standard errors are shown. The standard errors are robust to heteroskedasticity and clustered at the firm level.
* = significant at 10%, ** = significant at 5%, *** = significant at 1% .

Industry, wave, regional, and time dummies are included in all equations.

Reference groups: D(provincial competitors), Lombardia, 1997, first wave pattern.
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