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R&D and Productivity: An Assessment of Robustness

Introduction

Innovations drive long-run productivity and economic growth in both classes of
growth models - exogenous and endogenous. * Given the central role of research and
development (R&D), a voluminous empirical literature has examined the relationship
between R&D and productivity. Micro studies, which typically focus on the manufacturing
sector and analyze firm and industry level cross-sectional data (Mansfield, 1988;
Griliches and Mairesse, 1990; Hall and Mairesse, 1995; Wang Tsai, 2003; to name but a
few) report statistically significant R&D elasticity of about 0.10 to 0.20 (Griliches, 1988).
Studies that take a cost function approach (Nadiri, 1980; Nadiri and Pucha, 1990) also
report positive and statistically significant returns to R&D. Macro studies, which utilize
aggregate data, are either multi-country cross-sectional or panel studies (Lichtenberg,
1992; Coe and Helpman, 1995; Park, 1995; Keller, 1998). Time series studies are
extremely scarce (Luintel and Khan, 2004). Macro studies also report: (i) a significant
positive effect of domestic R&D on productivity and (ii) a positive and significant
international knowledge spillover. ? In view of the accumulating evidence, a consensus
in the literature is that R&D contributes to productivity and knowledge spillovers are
positive.>

Interestingly, empirical studies on R&D and productivity primarily focus on
knowledge stocks as the driver of productivity. Yet, competing theoretical models put
forward a range of productivity determinants, viz., human capital, public infrastructure,
access to export markets (learning-by-doing), imports, foreign direct investments (FDI),
information and communication technology (ICT) etc. To date, empirical literature has

only gone as far as augmenting the knowledge-productivity relationship by stocks of



human capital and trade variables (e.g., Engelbrecht, 1997; Griffith et. al., 2004c). No
study has jointly examined the role of the sources of knowledge and various other
determinants of productivity. This exclusion of relevant covariates — mis-specification — is
potentially costly because it results into (i) biased parameter estimates, and (ii) unreliable
statistical inference. The bias is a positive function of the extent of correlation between
the excluded and the included regressors and the correlation matrix indeed shows a very
high degree of correlation between them. # Inference is compromised because excluding
relevant covariates invariably inflates the precision (reduces the standard errors) of the
parameters of a mis-specified (short) regression. ® The potential bias and the sceptical
inference cast doubt on the reported significance of knowledge stocks in the literature
because, as stated above, the extant empirical studies exclude several of the productivity
determinants postulated by the theory. Addressing this issue is vital not least because it
establishes the potency of knowledge stocks amongst the drivers of productivity. Our first
aim is to advance the empirical literature in this direction. We estimate an empirical

model of domestic productivity which, in addition to the three forms — domestic business

(S") and public (S”) sector and foreign (S") — of knowledge stocks, allows for a range of
other determinants of productivity. In effect, we examine the robustness of knowledge
stocks vis-a-vis the other determinants of productivity.

Second, countries exhibit important differences in the levels and growth rates of
domestic productivity — this is true for OECD countries as well. In fact, the efficacy of
some of the productivity determinants is hard to generalize. For example, ‘learning-by-
doing’ is likely to augment the productivity of a technological laggard but the same is
unlikely to hold true for a technological leader. Similar arguments apply in relation to

technology ‘outsourcing’ which requires domestic capacity to absorb foreign technology.



The existing empirical literature mostly estimates the fixed effects models that allow for
the country-specific fixed and country-invariant time effects but imply that the parameters
and adjustment dynamics of productivity relationships are homogeneous across the
sample countries. We call them ‘homogeneous panel models’. ® OECD countries differ
markedly in their business and public knowledge stocks, human capital bases and
infrastructure. Their annual R&D expenditures also differ greatly. The scales of inward
and outward FDI are different and so are the magnitudes of high tech exports and
imports. In view of these differences, the assumption of homogeneous productivity
relationships across OECD countries implied by the fixed effects models appears quite
strong. Instead, productivity relationships across OECD countries may be heterogeneous
and show country-specific partial elasticities vis-a-vis their determinants. A rigorous
scrutiny of this issue is important because: (i) in panel regressions if one ignores
parameter heterogeneity then this engenders bias and inconsistency (Pesaran et. al.,
2000) which may compound the problems of omitted variables, and (ii) if parameters of
productivity relationships are indeed heterogeneous across countries then their
knowledge may help design the country-specific productivity policies better. Our second
aim is precisely to model this cross-country heterogeneity of productivity relationships
across the sample countries through a sufficiently general dynamic heterogeneous panel
model.

We reveal that the cross-country differences in R&D intensity cannot capture the
vast differences in innovative activities across countries. Instead, the levels of innovative
activities appear more plausible to capture the cross-country heterogeneity in

knowledge-productivity relationship, which we utilize.



We apply the system GMM (Generalized Method of Moments) estimator because
it addresses the key estimation issues of endogeneity, weak instruments and
measurement errors. Although the system GMM is our preferred estimator, we adopt a
structured empirical strategy. First, we report the results from the customary fixed effects
models that employ OLS (Ordinary Least Squares) and IV (Instrumental Variables)
estimators. We then move on to a dynamic heterogeneous panel model — which
accounts for cross-country heterogeneity in parameters - and to the GMM estimators.
Our empirical approach reveals the robustness of our results vis-a-vis different
specifications and estimators; and it allows us to compare our results with those in the
literature.

The rest of the paper is organized as follows. We discuss theory and empirical
specification in section 2; data in section 3; issues of heterogeneity in section 4,
econometric issues in section 5, and empirical results in section 6. Section 7 summarizes
and concludes.

2. Theory and Empirical Specification

We focus on three issues, viz., omitted variables, cross-country heterogeneity
and endogeneity in modeling productivity. Our specification draws from the competing
theoretical models of productivity. It includes most of the major theoretical determinants
of productivity and explicitly allows for the cross-country heterogeneity in parameters. In
order to motivate our specification, a brief discussion of the theoretical and empirical
literature is in order.

Theoretically, all three sources of knowledge exert positive effects on domestic
productivity (see among others, Lichtenberg, 1993; Coe and Helpman, 1995; Keller,

1998; Nadiri and Mamuneas, 1994; Guellec and Van Pottelsberghe, 2004). Thus, the



theoretical priors are that all three sources of knowledge enter as covariates and appear
significantly positive. ’

Infrastructure usually enters directly as factors of production in the private sector
production function (Arrow and Kurz, 1970; Grossman and Lucas, 1974). In these
models, the ‘quality’ and the ‘size’ of the public infrastructure augment productivity and
growth through cost reductions and/or improved specializations (see Gramlich, 1994 for
a review). The evidence is far from conclusive, however. Aschauer (1989 and 1990),
Munnell (1990), Berndt and Hansson (1992) and Nadiri and Mamuneas (1994), among
others, report positive effects of infrastructure on productivity and economic growth,
whereas Tatom (1991), Holtz-Eakin (1994), Gracia-Mila and McGuire (1992) and Evans
and Karras (1994) find it has a negligible or even negative role. Despite empirical
irregularity, we hypothesize a positive effect of infrastructure on productivity on
theoretical grounds.

Theoretically, the stock of human capital exerts positive effect on productivity and
economic growth. This is embedded in both the exogenous and endogenous growth
models (see, among others, Lucas, 1988 and 1993; Mankiw et. al., 1992; Romer, 1990a,
b; Benhabib and Spiegel, 1994; Engelbrecht, 1997; Glomm and Ravikumar, 1992; Barro
and Sala-i-Martin, 2003; Bassanini and Scarpetta, 2002). ®

The theory of ‘learning-by-exporting’ postulates that export market access
improves domestic productivity (Bernard and Jensen, 1999; Clerides et al., 1998; Eaton
and Kortum, 2001 and 2002). In these models, domestic firms improve their
specialization and productivity while meeting the high product quality imposed by foreign

customers. However, this effect may be more prominent amongst the technological



laggards. In order to capture this ‘learning-by-exporting’ effect, we use the ratio of high
tech exports to total exports.

Imports are conduits of technology diffusion (Grossman and Helpman, 1991; Coe
and Helpman, 1995; Keller, 1998 and 2004; van Pottelsberghe and Lichtenberg, 2001).
Countries engaged in imports benefit from international knowledge spillovers. In
particular, technological laggards are seen to benefit more than technological leaders.
Recent literature on this issue emphasizes the importance of trade in differentiated
capital goods. We use the ratio of high tech imports to total imports to capture this effect.

Theoretically, FDI produces technological externalities and elevates the degree of
product market competition, both of which boost productivity and growth. FDI has two
facets — foreign firms invest in the domestic economy (inward FDI), and domestic firms
invest abroad (outward FDI). Both forms of FDI foster technology diffusion and
competition (see among others, Lipsey, 2002). Hence, we expect positive effects of FDI
flows on domestic productivity, a priori. The empirical evidence is not clear-cut, however.
Xu (2000), Keller and Yeaple (2003), Griffith et al., (2004a, b) report positive and large
FDI effects whereas Aitken and Harrison (1999) and Blonigen and Slaughter (2001),
among others, find either negligible or even negative effects of FDI on productivity.
Finally, we capture the business cycle effect on domestic productivity through annual
change in the rate of employment. Much of the literature predicts a pro-cyclical effect of
business cycle on productivity.

Pulling together all the foregoing theoretical arguments, a typical fixed-effect
dynamic (autoregressive) equation for domestic productivity is (all variables are in natural

logarithms):



Pt =a+y7+ARY, + ﬂlsit?t—l + B8k + BS i+ BZis (1)
+OH o+ ﬁGXi'?t—l + /M i}jt—l + [y Fig—l + Py Fi,lt—l + fAU, + &,
(i=1,...N; t=1,...,7,;andXZz, =T).
where “i” and “t” indicate the cross-sectional and time series dimensions; o, captures the
time-invariant fixed effects (e.g., differences in the initial productivity levels across

countries) and y; captures the individual-invariant time effects (e.g., productivity shocks

that are common to all countries). In equation (1), P} is multifactor productivity; SfH,

Sk and S denote the three sources of knowledge viz., the lagged business sector,

public sector and foreign knowledge stocks. The lagged stock of public infrastructure is

denoted by Z,,,; H,., represents for the lagged stock of human capital; X/, and
M/, denote the lagged proportion of high tech exports and imports in total exports and
imports, respectively. F} and F , represent the stocks of outward and inward foreign

direct investment (FDI), both lagged; and AU, (rate of change of employment) captures

the effects of the business cycle on productivity.® Theoretical priors suggest that all

parameters /..., 5, resume positive sign except f; for the technological leaders.

Specification (1) is the standard fixed-effect model, which we refer to as the
‘homogeneous panel model'. One difference from the existing literature is that
specification (1) augments the basic productivity-knowledge relationship by most of the
determinants of productivity postulated by economic theories. ° It captures the
unobservable fixed effects but assumes homogeneity of slope parameters and
adjustment dynamics across all the sample countries in the panel. We have argued
above that this assumption may be untenable given the heterogeneity in productivity
levels (or growth rates) and their determinants across the sample countries. In this

7



context, the best empirical strategy would be to conduct country-by-country econometric
analyses of equation (1). Unfortunately, we only have 23 data points for each country
and it is evident from equation (1) that there are 10 theoretical determinants of domestic
productivity excluding the lagged dependent variable. This precludes us from conducting
country-by-country time series analyses. We specify a dynamic heterogeneous panel
model that directly captures the cross-country heterogeneity in productivity parameters

and nests the ‘homogeneous panel model’ as a special case. Our specification is:

PT =a; + 7 + AP, + 4 (5" * Pl + 4(SP *RT,) + A, (H, *PT,) + A4(Z, * PTL) + AW,
+ 5!;(§ib *Wk,i,t) + elé(gip *Wk,i,t) + (PL(Hi * k,i,t) + @(Z_u * k,i,t) +yAU;, +e, (2)

f h h
Si,t—l’ it-1? Xi,t—l’ Mi,t—l’

whereW,;, =[S/, S

it-17 ¥it-11

H YA

it-1? -1 il

FooFuls Vi=T7) V.

V, €(S% 8P HnZ,) s and (k= 1,...,9).

Specification (2) allows for the country-specific slope parameters (5, + Q) — where

Qe (5,6, 9. ¢) —and adjustment dynamics (1)) for each country in the panel.

Since all potential determinants of productivity - S*,S°, S*,H,Z,F',F°, X"
and M"- differ across the sample countries (see section 4), intuitively they can all be
considered when modeling cross-country heterogeneity in productivity parameters.
However, we assume that diversity in only four key variables -S°, SP, H and Z that
together shape the domestic knowledge absorptive capacity of each country - adequately
captures the cross-country heterogeneity in productivity parameters. Our focus on four
key variables also circumvents the over parameterization of the empirical model.
Country-specific productivity parameters are assumed to depend linearly on the country-

specific mean stocks of Si*ft, SP ., Z

p and H,, . * The cross-country productivity

it ?



parameters differ because the extent of the productivity determinants (S°,S?, Z,, and
H,) differ across countries. 2 From (2) the country-specific parameter vector () can be
obtained by: *3

8 =3 +(GH*S)+(GS) + (G FH) +(S%Z) ©)

where ¢, =[4,, 8,6, 6 o 4] ; (£=12,.,5). The standard errors of country-specific
parameters, (4 ), are given by:

o(8) = [UI ZU| 1 )

where ULt =(1 Sif’t ,SitH, . Z;,)and X is the variance co-variance matrix of .

3. Data

We analyze 16 OECD countries (see table 1). We collect data on multifactor
productivity (P™), domestic business (S”) and public (S”) sector knowledge stocks,
foreign knowledge stock (S"), stocks of human capital (H) and governments’
infrastructure related physical capital (Z), stocks of inward (F') and outward (F°)
foreign direct investments, ratios of high tech exports to total exports (X") and high tech
imports to total imports (M"), and a control variable for the business cycle (U).

The relevant S for each sample country is computed as the weighted sum of the rest of
the sample countries’ S° . We use time-varying bilateral R&D collaboration weights to
compute S'. Data frequency is annual for a period of 23 years (1980-2002). We have a
balanced panel of 368 observations. Further details of all the data series, their sources

and construction are given in the appendix.

Figure 1 about here



Figure 1 plots data on P™. All plots are normalized at 2000=1 for ease of cross-country
comparisons. In econometric analyses, we use un-indexed data. US productivity shows a
modest upward trend throughout the sample period. UK productivity slows down during
1987-1991 but improves somewhat since 1992. German productivity shows a noticeable
rise throughout the 1980s but stagnates from early 1990s. Plots for Canada, Greece,
Denmark, and the Netherlands appear flat throughout. Australian productivity shows long
swings, although the trend is clearly positive since the 1990s. French productivity was on
the rise until 1990 but declined thereafter. Spanish productivity shows a strong positive
trend in the early 1980s, stagnates during 1985-1995, and is in decline since 1997. Irish
productivity shows a rapid rate of growth from its low base. The Finnish productivity trend
is similar to the Irish case but the Finnish rate of growth is slower. Belgian and Italian
productivity exhibit similar patterns of slow growth. Japanese productivity grew quite
rapidly throughout the 1980s, but has been similar to the other major industrialized
countries since 1990. Finally, despite a high R&D intensity, Swedish productivity does
not appear noticeably different from that of the other countries in the sample. Overall, the
plots indicate a modest upward trend in the multifactor productivity of our sample
countries — Spain seems to be an exception however.

Figure 2 about here
Figure 2 plots S . They appear smooth and positively trended for most countries. The
only two exceptions are Italy and the Netherlands whose plots of S°appear rather flat

since 1990. Plots of S”also indicate cross-country variations in accumulation rates:

Australia, Denmark, Ireland and Greece have accumulated S° rapidly whereas mature
economies like UK, USA, Germany and France have accumulated it relatively slowly.

Other countries lie in-between.
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Figure 3 about here
Figure 3 plots S’ . They are also smooth and positively trended across all the sample
countries. However, plots of S” appear much flatter than those of S° for the UK, Ireland

and Japan whereas the opposite holds for Greece, Spain and Finland. Overall, S?
appears somewhat flatter in the late 1990s and into the 21 century than it was in the
1980s, which may reflect a gradual decline in public R&D expenditure.
Figure 4 about here

Figure 4 plotsS’. Greece, Finland, Ireland and Spain show rather volatile foreign R&D
stocks. This may reflect fluctuations in their weights rather than fluctuations in the
domestic R&D stocks of other sample countries. For the rest of the countries, plots of S
are trending upwards. In view of the weights used, this indicates increasing bilateral R&D
collaborations between the sample countries.
4. Heterogeneity

Table 1 presents some summary statistics of our dataset. They show significant

heterogeneity in the growth rates of productivity and their determinants across the

sample OECD countries. The average annual growth rate of P™ ranges between a
minimum of 0.2 percent (Canada) to a maximum of 3.3 percent (Ireland); the sample
mean is 1.1 percent. The productivity of USA and UK grew by around 1% during the
sample period, whilst Japan, Germany and France experienced somewhat higher growth
rates of 1.4 % or above. The sample mean of business sector R&D intensity (business
sector R&D expenditure to GDP ratio) is 1.6 percent but it ranges from a minimum of 0.1
percent (Greece) to a maximum of 2.2 percent (Sweden). Likewise, the intensity of public
sector R&D ranges from a minimum of 0.3 percent (Greece) to a maximum of 0.9

percent (the Netherlands); the sample mean is 0.7 percent. Thus, business sector and
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public sector R&D intensity differ respectively by a factor of 22 and 3 across the sample
countries. The stock of human capital is lowest in Spain (7.6 average years of schooling)
and highest in the USA and Germany (12.8 average years of schooling in each). The
USA, the richest country in knowledge stocks and at the forefront of innovations, shares
the smallest stock of S' . Canada, Greece and Ireland appear to share large stocks of S”.
The intensity of public infrastructure (government’s infrastructure related gross fixed
capital formation to GDP ratio) ranges from a minimum of 1.4 percent (the UK) to a
maximum of 7.3 percent (Japan). ** The cross-country intensity of high tech exports and
imports differs respectively by a factor of 11.0 [from Greece (3%) to Ireland (33.5%)] and
2.2 [from Greece (9.8%) to Australia (20.6%)]. Likewise, the intensity of inward FDI
(inflows of FDI to gross fixed capital formation) ranges from 0.3% (Japan) to 28.4 %
(Ireland). The intensity of outward FDI ranges from a minimum of 0.4% (Greece) to a
maximum of 18.4% (the Netherlands and Belgium).

A common belief is that cross-country diversity in R&D intensity should adequately
explain the cross-country heterogeneity in productivity levels. However, a close look at
Table 1 casts doubt on such ability of intensity measures. Several countries in the
sample have comparable (in some cases identical) intensity measures, yet exhibit
enormous diversity in their stocks of knowledge and in other determinants of productivity.
This is due to the acutely dissimilar size of OECD economies. For example, the USA and

Japan have the same business sector R&D intensity of 1.9% but USA’s S° is more than
2.5 times that of Japan. As a result, the US per capita S° (i.e., S” per head of labour
force) is 1.4 times that of Japan. Denmark and the Netherlands have very similar
business sector R&D intensity yet the Netherlands’ S°is almost three times that of

Denmark. The Dutch labor force enjoys 29% higher S° per head compared to their
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Danish counterparts. ** Finland and France have identical (1.4%) business sector R&D
intensities but the French S”is much larger (eleven times) than the FinnishS®. The
French per capita S is 42% higher than Finnish per capitaS®.

Likewise, the intensity of public sector R&D also falls short of capturing the vast
differences in S? across the sample countries. For example, the UK and Germany have
the same (0.7%) public sector R&D intensity but the German S” is much larger than that

of the UK; consequently, the German labor force enjoys 15% higher public knowledge
stock per capita than their UK counterparts. Australia, France, Finland and Japan show
identical public R&D intensity of 0.8% but their stocks of S” and per capita S° vary
notably. French per capita S”is 46% higher than that of Finland; 30% higher than that of
Australia; and 25% higher than that of Japan. A similar picture emerges vis-a-vis public
infrastructure but the extent is somewhat less than in the cases ofS*and S”. Thus, the
intensity measures only reflect cross-country diversity between a few disparate nations —
e.g., between countries like Greece or Spain versus USA or Germany. They reveal little
for several of the major sample countries — for example, between the USA and Germany
or between Denmark and the Netherlands even though these countries differ
substantially in their stocks of knowledge and public infrastructure. Thus, intensity

measures appear unsuitable for capturing the cross-country heterogeneity in productivity
parameters. This leaves us with two choices: country-specific mean levels ofSi'ft(§ib ),
S/ (S5°), Z,.(Z;), and H,,(H,) or their respective per capita (per head of labor)

measures.

Knowledge stocks however are non-rivalous and only partially excludable.

Therefore, what matters for S/, and S/, is their volume; high stocks of knowledge would
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ensure increased access for all. The per capita measure does not make much sense vis-
a-vis knowledge stocks because any one can access and utilize any piece of knowledge

(e.g., a computing package, a formula or a mechanism) in its totality so long as s/he pays
the license fee or some similar cost. The stock of infrastructure is a public good subject

to congestion and similar arguments apply. Obviously, H, , is rivalous; however, we only

have data on its stock - measured as the average number of schooling years of the 25-

64 age group. In view of the economic nature of S/,, S, and Z; and the data availability

of H;, we prefer to use their country-specific mean levels to capture the cross-country

heterogeneity in productivity parameters. However, in order to assess the robustness of

our results, we also estimate the model using per capita measures of S/, S/, and Z,,.

5. Econometric Approach

Any prospective estimator of equation (2) must address the issues of (i) potential
endogeneity - because productivity and some of its determinants may be jointly
determined; (ii) inertia - which may cause bias and imprecision in the estimated
parameters; and (iii) possible measurement errors. Amongst the available panel
estimators, the system GMM estimator (Arellano and Bover, 1995 and Blundell and Bond,
1998) appears best suited to tackle these estimation issues. For a brief illustration of
GMM, we rewrite equation (2) by suppressing the interaction terms for simplicity as:

Yie =& + 7+ AY; 0 F W B + Vi, (5)

where yi denotes BY; W,;, and g, 'are as defined above. IfE(v,v,) = 0 holds for s=t

across all “i”, then the following moment conditions are valid:

E(Yits Avi)=0 fors>2; t=3,...,T. (6)
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Furthermore, if a subset of W, , sayQ,,, is weakly exogenous then the following

additional moment conditions also hold:

E(Q . ,Av,)=0 fors>2; t=3,..., T. (7)

The single equation (or the difference) GMM estimator utilizes the above moment
conditions and uses lagged (two periods or more) levels of endogenous and weakly
exogenous model variables as instruments (see Holtz-Eakin, Newey and Rosen, 1988;
Arellano and Bond, 1991). '® The GMM estimator provides consistent parameter
estimates. However, when data are persistent — which is a common occurrence in
macroeconomic series - and the time-series dimension is short, the single equation GMM
estimator suffers from the problem of weak instruments. The instruments (in levels) tend
to be weakly correlated with the regressors (in differences). Consequently, the estimates
suffer from large finite sample biases and poor precision (see, among others, Ahn and
Schmidt, 1995; Staiger and Stock, 1997). The system GMM estimator considerably
reduces these biases and imprecision.

The system GMM estimator estimates equations in first differences and levels by
pooling together. The first difference specification uses the suitably lagged level variables
as instruments whereas the level equations use suitably lagged first differences. The
latter are valid instruments if the following moment conditions hold:

E[(ai,t + Vi,i)Ayi,t—l] =0 fors=1 (8)
El(e, +Vi;)AW, ,]1=0 for s=1 9)

The consistency of GMM estimators requires a valid set of instruments and a non-
auto-correlated residual series. The validity of the instruments in single equation and

system GMM is tested respectively by Sargan’s instruments validity test and the
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difference-Sargan test. We test for residual serial correlation through a second-order LM

(Lagrange Multiplier) test.

6. Empirical Results

As a precursor, we report the results obtained from the fixed-effect static and the
first-order-autoregressive panel models in table 2. Although they are not our preferred
specifications — because they do not capture the cross-country heterogeneity —
nevertheless they allow us to compare our results with those in the literature.

The static fixed effects OLS estimates (column 2) show thatS®,S", Hand M"
augment productivity in sample countries - their coefficients are positive and statistically
significant at 10% or better. The coefficient of S’ is negative but insignificant. Thus,
public sector knowledge stocks do not to appear to augment productivity. Likewise, X",
F'and F° also appear statistically insignificant. The stock of public infrastructure
appears negatively signed and significant — public infrastructure appears to weaken

productivity. The AU, resumes a positive and statistically significant coefficient, which is

consistent with the expected pro-cyclical effect of business cycle on productivity. The
fixed and time effects both appear significant, suggesting that the country- and time-
specific shocks differ significantly across the sample countries. The point estimates

obtained from the IV estimator (column 3) are qualitatively similar to those of OLS except

that S"and AU, become statistically insignificant. Thus, fewer determinants of

productivity appear statistically significant under the IV estimator. However, these static
models suffer from the problem of residual serial correlation — the second order residual

serial correlation tests are significant.
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In column 4, we report the OLS based results of the first-order autoregressive
model. Although the problem of residual serial correlation disappears, the results are

disappointing. The lagged dependent variable is highly significant which flushes out the
residual serial correlations but only two regressors (S°and X") appear positive and

statistically significant. S? resumes a negative and statistically significant coefficient
implying that the stock of public knowledge worsens productivity. The stock of
infrastructure is also negatively signed and marginally significant at 11 percent. Inward

FDI is negative and significant whereas outward FDI is negative but insignificant. AU, is
positive but insignificant. The IV results (column 5) are even more disappointing;
besides the lagged dependent variable, only one determinant of productivity - S° -
remains positive and significant; S? and AU, appear negative and significant; all other

determinants are insignificant.

Overall, these results are uncomfortable because (i) they are in disagreement with
the existing empirical literature that reports positive and statistically significant effects of
the sources of knowledge on domestic productivity, and (ii) they are inconsistent with
different theoretical models of productivity because most of the proposed theoretical
determinants appear insignificant and/or wrongly signed. Nevertheless, they illustrate
that the positive and statistically significant effect of the sources of knowledge reported
by earlier fixed-effects models may not be robust once the other potential determinants
of productivity are accounted for in the empirical model. Indeed, when we estimate model
(1) using only three sources of knowledge as regressors, the results are broadly
consistent with the literature - S* and S' are positive and significant whereas S”is
insignificant. >’ Thus, the results of table 2 cannot be ascribed to our (extended) data set
alone. We put forward two potential explanations for reconciliation.

17



First, the existing empirical studies exclude several of the potential determinants
of productivity (discussed above) from the specification. This mis-specification results
into (i) unreliable significance tests, and (ii) biased parameter estimates. When the actual
regression excludes the relevant variables, the standard errors of its parameters become
unequivocally smaller than when it includes those relevant variables. Consequently, the
parameters of a mis-specified short regression appear precisely estimated but this may
cease to be the case when all the relevant variables are included (see footnote 4). This
may explain why most regressors are insignificant in our fully specified model
(Specification (1)).

Second, the fixed effect models are only credible so long as the assumptions of
cross-country homogeneity in parameters and adjustment dynamics hold. Ignoring
parameter heterogeneity is another source of mis-specification, which also engenders
bias and inconsistency in the estimates (Pesaran et. al., 2000). Thus, neglected
heterogeneity may further compound the omitted variables problem. Hence, the twin
arguments of omitted variables and cross-country heterogeneity are important.

Table 3 reports the results obtained from our dynamic heterogeneous panel model
(Specification 2). Although our preferred estimator is the system GMM, we nevertheless
report results based on three different estimators, namely, the dynamic heterogeneous
OLS (DHOLS), the single-equation GMM, and the system GMM. All three estimators
reject the homogeneity of slope coefficients across all the sample countries. Two
estimators - DHOLS and the system GMM - reject the homogeneity of adjustment
dynamics as well. Most level regressors remain insignificant but the mean interacted
regressors are statistically highly significant. Thus, allowing for the cross-country

parameter heterogeneity in the empirical model produces fundamentally different results.
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In sharp contrast to the results of the fixed-effects models (table 2), all but two of the
theoretical determinants of productivity specified in equation (1) are significant — the
exceptions being F°and AU . This raises doubt on the fixed-effects models that neglect
cross-country heterogeneity while modeling productivity relationships. All estimated point
elasticities of S*,S?,S", H, Z, F', X" and M" show significant cross-country
variations that systematically depend on the mean levels of S°,S? , Z and H of the
respective countries.

The reported GMM results pertain to the first-step estimators. The P-values of the
parameters are computed using the robust standard errors. Our estimated models pass
all relevant diagnostics. The second order residual serial correlation tests are
insignificant ensuring the consistency of GMM estimators. The Sargan and difference-
Sargan tests confirm the validity of instruments used under both (single and system)
GMM estimators. It is interesting to note that the time-invariant fixed effects (o;) and
individual-invariant time effects (y;) both continue to remain significant in spite of
accounting for the cross-country parameter heterogeneity. This implies that the sample
of OECD countries differs not only in their initial productivity levels (endowments) but that
they are also exposed to different productivity shocks.

Our results reveal that the higher the stock of S° the bigger tends to be the
international knowledge spillovers and the productivity gains from M". This is consistent
with the view that knowledge spillovers require absorptive capacity, which may take the
form of a sufficient accumulation of S”. However, higher stocks of S tend to lessen the
effects of S and X". This implies that S°and S” are not complimentary in augmenting
productivity; and countries with sizable S® may not make productivity gains from high tech

exports.
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We find two opposing effects of S”; a high stock of S”tends to lessen the
productivity effect of S° (yet again evidence of non-complimentarity) but it appears to
complement the productivity effect of Z . A rather intriguing result is that the productivity
effect of SPincreases with its size — there is no evidence of diminishing returns on the
productivity effect of S”. The higher the human capital base the greater tends to be its

effect on productivity — no evidence of diminishing returns in the productivity effects of

human capital either. However, a higher level of H seems to lessen the productivity

effect of F' . In contrast, the larger the stock of public infrastructure the smaller tends to
be its productivity effect - evidence of diminishing returns in its productivity effects.
Finally, Z appears to complement the productivity effects of S and X" whereas it
lessens the productivity effect of M". Technology outsourcing (F°) and the variable that
captures business cycle effects (AU ) are statistically insignificant in explaining P™.

Table 4 reports the country-specific parameters along with their significance levels
based on the system GMM estimates of table 3, computed as shown in equations (3)
and (4). Since the estimated country specific parameters are broadly similar across all
three estimators, we focus on the parameters obtained from the system GMM as this

estimator is superior to other estimators (see section V). 18

The country-specific points estimates of oP"/6s", aP™/0S” and 6P™/aS " are

positive and statistically significant for all sample countries except for one case - S’ for

Belgium is positive but insignificant. Importantly, however, these parameters exhibit

considerable cross-country heterogeneity. The point elasticity of aPm/asb range from a
minimum of 0.015 (UK) to a maximum of 0.038 (Ireland); for 6P™/8S” they range from a

minimum of 0.017 (Belgium) to a maximum of 0.049 (Australia). Likewise, the point
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elasticity of oP™/6S" shows a difference of more than two folds (contrast the point

elasticities for the USA and Greece). Thus,S”, S? and S'exert positive and statistically
significant effects of varying magnitudes on the productivity of sample countries. This is
in sharp contrast to the results of ‘homogeneous panel models’ reported in table 2. The
point elasticities of S* and SP on domestic productivity appear very similar in their

magnitudes; however, the coefficients of S are smaller than those of S andS”.

We find a positive and statistically significant effect of human capital on domestic
productivity for eleven countries; insignificant for four countries (Belgium, Greece, Ireland
and Italy); and negative for Spain. The negative coefficient for Spain is puzzling and hard
to explain. Again, the cross-country parameter heterogeneity is apparent. The eleven

countries with positive and significant partial elasticities (oP"™ /8H > 0) have magnitudes

varying from 0.101 (France) to 0.269 (the United States). Germany, the USA, Canada
and Australia show large effects of human capital on domestic productivity.

Five countries in the sample (Belgium, Finland, Greece, Ireland and Spain) show
small negative but statistically significant effects of the stock of public physical
infrastructure on their domestic productivity. For the remaining countries, this effect is
statistically insignificant. Thus, the stock of public infrastructure does not appear to
augment the domestic productivity of any sample country. This finding is consistent with
some of the literature cited above (e. g., Tatom, 1991; Holtz-Eakin, 1994; Evans and
Karras, 1994).

The effect of inward FDI on domestic productivity is rather mixed. Of the 16
sample countries, six countries (France, Italy, Japan, Spain, the UK and the USA) show
positive and significant effects; four countries (Denmark, Finland, Greece and Ireland)

show negative and significant effects; and for the rest (Australia, Belgium, Canada,
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Germany, the Netherlands and Sweden) the effect is statistically insignificant. The
magnitudes of the estimated parameters are small; nevertheless they differ across
countries. Results indicate that countries with sizable knowledge stocks and human
capital bases benefit from inward FDI in terms of their productivity enhancements.
Interestingly, technology outsourcing — outward FDI — appears insignificant.

Six countries (Australia, Finland, Greece, Ireland, Italy and Spain) show a positive
and significant effect of high tech exports on their domestic productivity. However, for two
major industrialized countries (the UK and the USA) its effects are negative and
significant. The remaining eight countries show an insignificant effect of high tech exports
on domestic productivity. Overall, it appears that the technologically advanced countries
do not achieve productivity gains through learning-by-exporting, while relatively less
advanced OECD countries (e.g., Greece, Spain, Italy etc.) do.

The partial semi-elasticity of M ", (aPm/aM "), is positive for two countries (Sweden
and the UK), negative and significant for three countries (Ireland, Greece and Spain) and
statistically insignificant for the rest. Although insignificant, the sign of the point estimates

(8Pm/6M ") are positive for most of the industrialized countries. Interestingly, however,

less advanced OECD countries like Greece, Ireland and Spain appear to have an
adverse impact of high tech imports on their productivity. Finally, results also reveal a
mild degree of cross-country variation in adjustment dynamics (AS).

Our results pass a number of robustness checks. The results are robust to three

estimators, DHOLS, the single-equation and the system GMM estimators. The only
exception is that F' does not appear significant under the single-equation GMM
estimator. We replaced the country specific mean levels of S°,S?and Z by their per
capita mean values to capture the cross-country heterogeneity. The results remain
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broadly similar. Likewise, results are robust to alternate depreciation rates of 12 and 20
percent to knowledge stocks. We also estimate the model by dropping USA, Germany,
Greece and Spain from the panel, in turn. The reported results remain qualitatively the

same.

7. Conclusion and implications

We model domestic productivity in a panel of 16 OECD countries by focusing on the
issues of (i) omitted variables, (ii) heterogeneity and (iii) endogeneity. These issues are
important because they impinge on the bias, precision and the consistency of estimated
parameters. The competing theoretical models propose a range of determinants of
domestic productivity. Our empirical model incorporates ten of them and explicitly allows
for the cross-country heterogeneity in productivity parameters. The econometric
approach we follow addresses the estimation issues of endogeneity, persistence and
measurement errors.

Results are revealing. When we follow the customary fixed-effects approaches,
we find that the majority of the theoretical determinants of productivity appear
insignificant in our general model; few that are significant appear wrongly signed; the
only variable that appears significant and confirms to the theoretical priors is business
sector knowledge stock. However, when we estimate a short regression including only
three sources of knowledge we find results consistent to those in the literature. Thus, the
insignificance of the majority of theoretical determinants of productivity as well as the
inconsistent parameter signs associated with some of the regressors echo the

implications of omitted variables discussed above.
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Interestingly, the dynamic heterogeneous panel model which allows for the cross-
country parameter heterogeneity shows almost all (eight out of ten) theoretical
determinants of productivity to be significant. Results reject both the homogeneity of
slope coefficients and adjustment dynamics across all the OECD sample countries.
Therefore, the issue of cross-country heterogeneity appears crucial to unravel the
determinants of productivity.

We find evidence of increasing returns to scale on the productivity effects of
human capital and public knowledge stocks. The magnitude of their elasticity increases
with their stock. The business sector knowledge stock, S°, does not show increasing
returns but it complements foreign knowledge stock and high tech imports in augmenting
productivity. Results show that S and S” are not complementary. The higher the level of
infrastructure, the smaller its productivity effects — evidence of a diminishing return to
infrastructure investment.

All three sources of knowledge (S°, SP andS") exert significantly positive effects

on domestic productivity across the sample countries with only one exception - S°
appears insignificant for Belgium. Human capital also shows significantly positive effects
on the productivity of the majority of sample countries (11 out of the 16 countries). Public
infrastructure does not appear to augment domestic productivity — its effects are
insignificant for 11 countries and significantly negative for the remaining five. Inward FDI,
high tech exports and imports show mixed results. The technology outsourcing (outward
FDI) appears insignificant; however, its productivity effects may be evident at a more dis-
aggregated (micro) level.

Overall, the three sources of knowledge and human capital appear as the key

drivers of productivity. Their parameters conform to theoretical priors and they are
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statistically significant across the large majority of sample countries. Therefore, one can
generalize these findings. One difference however is that the effect of human capital is
much larger than that of knowledge stocks especially for the advanced countries. The
other determinants — Z, F', X", M" — show mixed results. They are statistically
significant in several cases but the signs of their parameters do not always conform to
theoretical priors. Thus, they are important at the country level but their effect is not
sufficiently general. *° The technological laggards appear to benefit more from ‘learning-
by-doing’ than the technologically advanced. With few exceptions, countries with sizable
knowledge stock and human capital base seem to make productivity gains from inward
FDI. These are plausible findings. Given these insights, productivity policy across OECD

countries may benefit if it accounts for the country-specific factors. Importantly, we have

shown that some factors (F', X" and M") exert opposing productivity effects across
countries. But why? The very nature and the sophistication of each country’s production
technology may explain this phenomenon. A rigorous analysis of this issue — relating the
sophistication of production processes to its drivers of productivity — would be an

interesting avenue for future research.
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Table 1: Descriptive statistics (1980-2002 mean value)

1 . 2.3 . 2.4 Foreign Human Public . 2.7 Outward Inward FDI 10
MFP Business R&D Public R&D R&D 2 Cagltal Infrastructure 2 ° High-technology £Dj] %8 2,9 LF
Growth | Expenditure Expenditure E)fpend- Exports Imports Stocks Stocks
. Stocks - Stocks | Stocks | Stocks iture Stocks . - : .
rate [Intensity ] [Intensity] [Intensity] [Intensity] [Intensity] [Intensity] [Intensity]

AU 1.1 2.3 [0.6] 10.6 2.9 [0.8] 16.2 58.7 12.1 8.7 [2.4] 78.6 2.6[4.4] | 11.9[20.6] 48.5[6.3] 86.3[7.9] 8.4
BE 0.7 2.7 [1.2] 14.8 1.0 [0.5] 5.6 92.2 10.1 4.912.2] 94.8 13.3[8.5] | 14.8[10.0] | 66.9[18.4] | 88.1[21.7] 4.2
CA 0.2 5.9 [0.9] 29.2 4.8 [0.7] 26.2 145.2 12.6 15.7[2.4] | 139.7 17.0[8.5] | 29.7[16.7] | 133.7[10.9] | 149.1[5.6] 14.1
DK 0.7 1.3 [1.0] 6.1 0.8 [0.7] 45 48.9 11.1 2.2[1.7] 30.4 45[12.3] 43[12.6] | 18.4[12.0] | 18.5[10.9] 2.8
FIN 1.9 15 [1.4] 6.9 0.8 [0.8] 4.3 26.2 10.6 3.5[3.3] 38.6 4.2[11.7] 4.1[15.7] | 15.9[11.1] 8.2 [5.6] 2.5
FR 15 17.3 [1.4] 97.4 10.8 [0.8] 62.4 24.8 10.3 39.9[3.1] | 394.1| 41.6[16.5] | 39.8[15.4] | 1745[9.9] | 124.4[6.0] 24.9
DE 1.4 28.4 [1.7] | 165.3 12.3 [0.7] 70.9 18.7 12.8 37.7[2.3] | 490.3 | 62.1[14.3] | 60.4[15.9] 213.1[6.6] | 165.6 [5.7] 35.6
EL 0.7 0.2 [0.1] 0.8 0.4 [0.3] 2.2 128.1 9.1 4.6 [3.1] 37.9 0.4 [3.0] 3.5[9.8] 7.0[0.4] 19.0 [1.0] 4.1
IRL 3.3 0.4 [0.7] 1.9 0.2 [0.4] 1.2 132.2 9.5 2.5[3.9] 26.7 | 15.7[33.5] 9.2 [26.4] 18.6 [3.0] | 67.0[28.4] 15
IT 0.8 7.2 [0.6] 41.5 6.1 [0.5] 32.5 17.3 8.6 36.9[3.0] | 3824 21.8[9.5] | 30.2[13.1] 96.5[3.8] 70.0 [2.3] 22.8
JP 14 53.5 [1.9]1 | 281.7 21.2 [0.8] | 126.8 111 11.0 | 203.2[7.3] | 2229.4 | 77.9[28.0] | 29.3[13.1] | 191.6[1.0] 19.5[0.3] 63.5
NL 0.9 3.6 [1.1] 20.5 2.9 [0.9] 17.0 35.2 11.1 10.7[3.2] | 112.7 | 25.9[16.1] | 27.1[17.9] | 161.9[18.4] | 112.1[18.4] 7.3
SP 0.8 2.5 [0.4] 12.2 2.3 [0.4] 11.3 50.4 7.6 22.9[3.6] | 176.2 741731 | 17.7[13.6] 61.7 [8.1] 96.0 [8.3] 14.9
SE 0.6 4.4 [2.2] 21.9 1.8 [0.9] 9.9 30.6 11.3 5.7[2.9] 58.6 | 10.1[16.5] 8.4[16.4] | 50.8[16.0] | 28.8[13.4] 4.4
UK 1.1 16.1 [1.3] 98.5 7.9 [0.7] 48.7 57.7 11.3 17.8[1.5] | 179.0 | 57.1[23.4] | 56.8[20.0] | 380.5[14.8] | 235.3[9.7] 28.2
uUs 1.0 1385 [1.9] | 759.3 | 45.7 [0.6] | 260.7 7.3 12.8 236.6[3.2] | 2105.6 | 151.9[29.2] | 147.4[18.9] | 684.5[4.3] | 560.7[4.0] | 126.1
Mean 1.1 17.9 [1.6] 98.0 7.6 [0.7] 43.8 55.3 10.7 40.8[3.6] | 4109 | 32.1[15.2] | 30.9[16.0] | 145.3[5.7] | 1155[4.8] 22.8

1. Multi-factor productivity. 2. Billions of constant 2000 PPP US dollars. 3. Intensity (business-sector R&D expenditure as % of GDP). 4. Intensity (public-sector R&D expenditure as
a % of GDP). 5. Stock of human capital is proxy by the average number of years of schooling of the population from 25 to 64 years of age. 6. Public infrastructure is proxied by the
stock of public physical capital stock (intensity expressed as % of GDP). 7. Intensity (high-technology exports (imports) as a % of total exports (imports)). 8. Intensity (outflow of
foreign direct investment as a % of gross fixed capital formation). 9. Intensity (inflow of foreign direct investment as a % of gross fixed capital formation). 10. Total labour force in

millions.

Country mnemonics: Australia (AU), Belgium (BE) Canada (CA), Denmark (DK), Finland (FIN), France (FR), Germany (DE), Greece (EL), Ireland (IRL), Italy (IT), Japan (JP),

Netherlands (NL), Spain (SP), Sweden (SE), United Kingdom (UK) and United States (US).
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Table 2: The fixed effects panel estimates

OLS static IV static OLS AR(1) IV AR(1)
Constant 3.855 (0.000) 3.805 (0.000) 0.553 (0.000) 0.639(0.000)
P - - 0.917 (0.000) 0.893 (0.000)
S 0.105 (0.040) 0.100 (0.043) 0.019 (0.001) 0.022 (0.006)
Shu -0.042 (0.534) -0.043 (0.536) -0.018 (0.036) -0.028 (0.023)
SHA 0.024 (0.095) 0.022 (0.163) 0.001 (0.846) -0.004 (0.268)
Zi -0.102 (0.016) -0.099 (0.023) -0.012 (0.113) -0.011 (0.201)
[ 0.378 (0.073) 0.399 (0.101) 0.021 (0.565) 0.049 (0.230)
X! 0.264 (0.240) 0.244 (0.414) 0.117 (0.068) 0.123 (0.193)
M iﬁt_l 0.832 (0.001) 0.981 (0.003) -0.0001 (0.992) 0.058 (0.598)
Fo. -0.006 (0.760) -0.002 (0.921) -0.001 (0.620) -0.001 (0.838)
Fla -0.002 (0.916) -0.005 (0.820) -0.009 (0.002) -0.006 (0.319)
AU, 0.482 (0.027) 0.341 (0.542) 0.053 (0.656) -0.577 (0.002)
Qi (0.000) (0.000) (0.000) (0.000)
Vi (0.000) (0.000) (0.000) (0.000)
R’ 0.874 - 0.984 N
o 0.037 0.037 0.014 0.015
AR [2] (0.004) (0.003) (0.779) (0.199)
Obs 333 332 333 332

Variable definitions are: P™= multifactor productivity; S° = business, S”= public and S = foreign
knowledge stock; H = human capital; Z = stock of infrastructure; F' = inward and F° = outward

FDIs; X" and M" are the ratios of high tech exports and imports their respective totals, and U =
1- unemployment rate. AR [2] is the second order Lagrange Multiplier [LM] test of residual serial
correlation under the null of no autocorrelation; o; and y; are fixed and time effects, respectively.
o is the regression standard error. Numbers (.) are p-values for the null that the coefficient in
question is zero. For IV estimates S'is treated as weakly exogeneous. All other regressors,
except forAU,, are instrumented by their second order lags. AU, is instrumented byAU, , .
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Table 3: Results of Dynamic Heterogeneous Panel model (Equation: 3) *

OLS GMM single equation | GMM system
P, 1.324 (0.000) 0.826 (0.000) 1.116 (0.000)
P", *H; -0.216 (0.013) - -0.117 (0.080)
S|bt 1 *S ip -0.023 (0.001) -0.029 (0.000) -0.012 (0.071)
SP, *Zi 0.021 (0.000) 0.026 (0.000) 0.012 (0.033)
Sfa - -0.195 (0.000) )
SPh* Si - -0.028 (0.000) -0.018 (0.004)
Sh.* S/ 0.005 (0.000) 0.052 (0.000) 0.022 (0.001)
S\ *Si 0.003 (0.001) 0.001 (0.060) 0.001 (0.115)
S *Hi -0.010 (0.002) - -
H, ., -1.799 (0.000) -1.324 (0.000) -1.704 (0.000)
H, ., *Hi 0.812 (0.000) 0.621 (0.000) 0.775 (0.000)
Zi 4 0.191 (0.000) - -
Z,,*S ] 0.035 (0.000) 0.023 (0.000) 0.023 (0.023)
Zi 1 *Zi -0.046 (0.000) -0.020 (0.000) -0.019 (0.013)
Flia -0.050 (0.000) ) ]
Fla™ S -0.010 (0.000) - ;
Fia*Si 0.016 (0.000) : 0.006 (0.000)
Fia*Hi - - -0.024 (0.000)
X i’jt_l *S; -0.197 (0.000) -0.177 (0.000) -0.215 (0.000)
X', *Zi 0.175 (0.000) 0.156 (0.000) 0.188 (0.000)
Mis - 0.541 (0.001) 0.460 (0.068)
M > S 0.148 (0.000) 0.157 (0.001) 0.175 (0.000)
M/, *Zi -0.126 (0.000) -0.175 (0.000) -0.184 (0.000)
AU, 0.151 (0.159) 0.106 (0.303) 0.100 (0.377)
o (0.000) (0.000) (0.000)
" (0.000) (0.000) (0.000)
o 0.013 0.129 0.013
AR (2) (0.149) (0.244) (0.321)
Sargan y°[1] - 226.2 [1135] -
Diff. Sargan y°[1] - - 53.9[115]
Observations 352 352 352

# Refer to footnote 20 for the notes to this table.
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Table 4: Country specific parameters based on the estimates of table 3

GMM system estimation

A sh 5P sf H z = xh | mh
AU 0.825°| 0.019%| 0.049°| 0.009%] 0.2262 0.008 | -0.002 | 0.007°| -0.005
BE 0.846% | 0.0342 0.017 | 0.010% 0.085| -0.020°| -0.004| 0.008| 0.003
CA 0.820°| 0.020%| 0.040°| 0.010°| 0.2592 0.009] 0.000| 0.002] 0.012
DK 0.834°| 0.023%] 0.030°| 0.009%] 0.162°| -0.003] -0.007°| 0.011| 0.009
FIN 0.840°| 0.027%] 0.026%°| 0.009%| 0.121°| -0.010°] -0.007° | 0.014¢| 0.006
FR 0.843%| 0.022%| 0.036°| 0.011°| 0.101° 0.009 | 0.010°| -0.007 | 0.015
DE 0.818%| 0.023*| 0.029°| 0.012* | 0.270° 0.007 | 0.006 | -0.016| 0.024
EL 0.858% | 0.035°| 0.050%| 0.006" 0.005 | -0.026° | -0.008" | 0.018%| -0.034°
IRL 0.853° | 0.038%| 0.024%| 0.007° 0.040 | -0.032°| -0.012% | 0.121%| -0.037°
IT 0.865%| 0.030%| 0.037°| 0.011%| -0.044| -0.006| 0.011°| 0.012°| -0.006
JP 0.836%| 0.034%| 0.033°| 0.012°| 0.153°| -0.008| 0.013°| 0.018| -0.006
NL 0.835%| 0.023*| 0.036°| 0.010®| 0.159° 0.003] 0.001| 0.009| 0.010
SpP 0.879° | 0.033%| 0.036°| 0.009°| -0.134° | -0.015°| 0.007°| 0.018%] -0.016%
SE 0.833%| 0.022%| 0.023°| 0.010*| 0.173° 0.003] -0.003| -0.012| 0.029¢
UK 0.832% | 0.015°| 0.031°| 0.011°] 0.175° 0.019 | 0.007°| -0.046° | 0.050°
us 0.818°| 0.025%| 0.031°| 0.014%] 0.2692 0.010 | 0.014° | -0.050°| 0.029
Mean 0.840 0.027 0.033 0.010 0.126 | -0.003| 0.002] 0.007| 0.005
SD 0.017 0.007 0.009 0.002 0.115 0.014| 0.008| 0.037| 0.023

As are solutions for the country-specific coefficients of the lagged dependent variables.
Impact elasticities of all regressors are listed in their respective columns. Impact elasticity

should be divided by 1-A for the long-run elasticity. For example, the long run point

elasticity of sb (i.e., aP”‘/EESb ) is 0.137 for the US. Superscripts a, b, and c indicate

significance at 1%, 5% and 10%, respectively. The variances of country specific
parameters are calculated as shown in equation (4) in the text.

29




References:

Aghion, Philippe and Howitt, Peter. “A Model of Growth through Creative Destruction.”
Econometrica, March 1992, 60(2), pp. 323-351.

Ahn, Seun C. and Peter Schmidt. “Efficient Estimation of Models for Dynamic Panel
Data.” Journal of Econometrics, July 1995, 68(1), pp. 5-27.

Aitken, Brian J. and Harrison Ann E. “Do Domestic Firms Benefit from Foreign Direct
Investment? Evidence from Venezuela.” American Economic Review, June 1999, 89(3),
pp.605-618.

Arellano, Manuel and Bond, Stephen. “Some Tests of Specification for Panel Data:
Monte Carlo Evidence and an Application to Employment Equations.” Review of
Economic Studies, April 1991, 58(2), pp. 277-297.

Arellano, Manuel and Bover, Olympia. “Another Look at the Instrumental Variable
Estimation of Error-Components Models.” Journal of Econometrics, July 1995, 68(1), pp.
29-51.

Arrow, Kenneth J. and Kurz, Mordecai. Public Investment, the Rate of Return, and
Optimal Fiscal Policy. Baltimore: the Johns Hopkins Press, 1970.

Aschauer, David A. “Is public expenditure productive?” Journal of Monetary Economics,
March 1989, 23(2), pp. 177-200.

Aschauer, David A. “Why is Infrastructure Important?”, in Alicia, H. Munnell, ed., Is There
a Shortfall in Public Capital Investment? Conference Series No. 34, Federal Reserve
Bank of Boston, 1990, pp.21-50.

Barro, Robert J. and Sala-i-Martin, Xavier. Economic Growth. Cambridge, MA: MIT Press,
2003.

Bassanini, Andrea and Scarpetta, Stefano. "Does human capital matter for growth in
OECD countries? A pooled mean-group approach."” Economics Letters, February 2002,
74(3), pp. 399-405.

Benhabib, Jess and Spiegel, Mark M. “The role of human capital in economic
development: Evidence from aggregate cross-country data.” Journal of Monetary
Economics, October 1994, 34(2), pp. 143-173.

Bernard, Andrew B. and Jensen, Bradford J. “Exceptional Exporter Performance: Cause,
Effect, or Both?” Journal of International Economics, February 1999, 47(1), pp. 1-25.

Berndt, Ernst R. and Hansson, Bengt. “Measuring the Contribution of Public
Infrastructure Capital in Sweden.” Scandinavian Journal of Economics, 1992, 94(0), pp.
151-168.

Bernstein, Jeffrey I. “Costs of Production, Intra- and Interindustry R&D Spillovers:
Canadian Evidence.” Canadian Journal of Economics, May 1988, 21(2), pp. 324-347.

30



Blonigen, Bruce A. and Slaughter, Matthew J. “Foreign-Affiliate Activity and U.S. Skill
Upgrading.” Review of Economics and Statistics, May 2001, 83(2), pp. 362-376.

Blundell, Richard and Bond, Stephen. “Initial Conditions and Moment Restrictions in
Dynamic Panel Data Models.” Journal of Econometrics, November 1998, 87(1), pp. 115-
143.

Clerides, Sofronis K.; Lach, Saul and Tybout, James R. “Is Learning by Exporting
Important? Micro-dynamic Evidence from Colombia, Mexico, and Morocco.” Quarterly
Journal of Economics, August 1998, 113(3), pp. 903-947.

Coe, David T. and Helpman, Elhanan. “International R&D Spillovers.” European
Economic Review, May 1995, 39(5), pp. 859-887.

Cohen, Wesley M. and Levinthal, Daniel A. “Innovation and Learning: The Two Faces of
R & D.” Economic Journal, September 1989, 99 (397), pp. 569-596.

Eaton, Jonathan and Kortum, Samuel. “Trade in Capital Goods.” European Economic
Review, 2001, 45(7), pp. 1195-1235

Eaton, Jonathan and Kortum, Samuel. “Technology, Geography, and Trade.”
Econometrica, September 2002, 70(5), pp. 1741-1779.

Engelbrecht, Hans-Jurgen. “International R&D spillovers, human capital and productivity
in OECD economies: An empirical investigation.” European Economic Review, August
1997, 41(8), pp. 1479-1488.

Evans, Paul and Karras, Georgios. “Are Government Activities Productive? Evidence
from a Panel of U.S. States.” Review of Economics and Statistic, February 1994, 76(1),
pp. 1-11.

Garcia-Mila, Teresa and McGuire, Therese J. “The contribution of publicly provided
inputs to states' economies.” Regional Science and Urban Economics, June 1992, 22(2),
pp. 229-241.

Geroski, Paul A. “Do Spillovers Undermine the Incentive to Innovate?” in S. Dowrick, ed.,
Economic Approaches to Innovation. Aldershot, UK: Edwar Elgar, 1995.

Glomm, Gerhard and Ravikumar, B. “Public versus Private Investment in Human Capital
Endogenous Growth and Income Inequality.” Journal of Political Economy, August 1992,
100(4), pp. 813-834.

Gramlich, Edward M. “Infrastructure Investment: A Review Essay.” Journal of Economic
Literature, September 1994, 32(3), pp. 1176-1196.

Greene, William H. “Econometric Analysis”, fifth edition, Prentice Hall, 2003.
Griffith, Rachel; Harrison, Rupert and Van Reenen, John. “How Special is the Special

Relationship? Using the Impact of US R&D Spillovers on UK Firms as a Test of
31



Technology Sourcing.” Centre for Economic Policy Research (London, UK), Discussion
Paper 4698, 2004a.

Griffith, Rachel; Redding, Stephen J. and Simpson Helen. “Foreign Ownership and
Productivity: New Evidence from the Service Sector and the R&D Lab.” Centre for
Economic Policy Research (London, UK), Discussion Paper 4691, 2004b.

Griffith, Rachel; Redding, Stephen and Van Reenen, John. “Mapping the Two Faces of
R&D: Productivity Growth in a Panel of OECD Industries.” Review of Economics and
Statistics, November 2004c, 86(4), pp. 883-895.

Griliches, Zvi. “Productivity Puzzles and R&D: Another Nonexplanation.” Journal of
Economic Perspectives, Fall 1988, 2(4), pp. 9-21.

Griliches, Zvi and Lichtenberg, Frank. "R&D and Productivity Growth at the Industry
Level: Is There Still a Relationship?” In Zvi Griliches, ed., R&D, Patents, and Productivity.
Chicago: University of Chicago Press, 1984.

Griliches, Zvi and Mairesse, Jacques. R&D and Productivity Growth: Comparing
Japanese and U.S. Manufacturing Firms.” In Charles Hulten, ed., Productivity growth in
Japan and the United States. Chicago: University of Chicago Press, 1990.

Grossman, Gene M. and Helpman, Elhanan. Innovation and Growth in the Global
Economy. Cambridge, MA, and London: MIT Press, 1991.

Grossman, Herschel I. and Lucas, Robert F. “The Macro-Economic Effects of Productive
Public Expenditures.” The Manchester School of Economics and Social Studies, 1974,
42(2), pp. 162-170.

Guellec, Dominique and Van Pottelsberghe de la Potterie, Bruno. “From R&D to
Productivity Growth: Do the Institutional Settings and the Source of Funds of R&D
Matter?” Oxford Bulletin of Economics and Statistics, July 2004, 66(3), pp. 353-378.

Hall, Bronwyn H. and Mairesse, Jacques. “Exploring the relationship between R&D and
productivity in French Manufacturing Firms.” Journal of Econometrics, January 1995, 65
(1), pp. 263-293.

Holtz-Eakin, Douglas. “Public-Sector Capital and the Productivity Puzzle.” Review of
Economics and Statistics, February 1994, 76(1), pp. 12-21.

Holtz-Eakin, Douglas, Newey, Whitney and Rosen, Harvey S. “Estimating Vector
Autoregressions with panel data.” Econometrica, November,1988, 56(4), pp. 1371-1395.

Jaffe, Adam B. “Technological Opportunity and Spillovers of R & D: Evidence from Firms'
Patents, Profits, and Market Value.” American Economic Review, December 1986, 76(5),
pp. 984-1001.

Keller, Wolfgang. “Are International R&D Spillovers Trade-Related? Analysing Spillovers
Among Randomly Matched Trade Partners.” European Economic Review, September
1998, 42(8), pp. 1469-1481.

32



Keller, Wolfgang and Yeaple, Stephen R. “Multinational Enterprises, International Trade,
and Productivity Growth: Firm-Level Evidence from the United States.” National Bureau
of Economic Research (Cambridge, MA) Working Paper No. 9504, February 2003.

Lichtenberg, Frank. “R&D Investment and International Productivity Differences.”
National Bureau of Economic Research (Cambridge, MA) Working Paper No. 4161,
September 1992.

Lichtenberg, Frank R. “R&D Investment and International Productivity Differences.” in
Horst Siebert, ed., Economic Growth in the World Economy. Mohr: Tubingen, Germany,
1993.

Lipsey, Robert E. “Home and Host Country Effects of FDI.” National Bureau of Economic
Research (Cambridge, MA) Working Paper No. 9293, October 2002.

Lucas, Robert E. “On the mechanics of economic development.” Journal of Monetary
Economics, July 1988, 22(1), pp. 3-42.

Lucas, Robert E. “Making a Miracle.” Econometrica, March 1993, 61(2), pp. 251-272.

Luintel, Kul B. and Khan Mosahid. “Are International R&D Spillovers Costly for the US?”
Review of Economics and Statistics, November 2004, 86(4), pp. 896-910.

Luintel, Kul B. and Khan Mosahid. “A Quantitative Reassessment of the Finance-Growth
Nexus: Evidence from a Multivariate VAR” Journal of Development Economics,
December 1999, 60(2), pp. 381-405.

Mankiw, Gregory N.; Romer, David and Weil, David N. “A Contribution to the Empirics of
Economic Growth.” Quarterly Journal of Economics, May 1992, 107(2), pp. 407-437.

Mansfield, Edwin. “Industrial R&D in Japan and the United States: A Comparative
Study.” American Economic Review, May 1988, 78(2), Papers and Proceedings, pp.
223-228.

Munnell, Alicia H. “Why Has Productivity Growth Declined? Productivity and Public
Investment.”
New England Economic Review, Federal Reserve Bank of Boston, January 1990.

Nadiri, Ishaq M. “Sectoral Productivity Slowdown. "American Economic Review, May
1980, 70(2), Papers and Proceedings, pp. 349-352.

Nadiri, Ishag M. and Mamuneas, Theofanis P. “The Effects of Public Infrastructure and R
& D Capital on the Cost Structure and Performance of U.S. Manufacturing Industries.”
Review of Economics and Statistics, February 1994 76(1), pp. 22-37.

Nadiri, Ishaq M and Prucha, Ingmar. “Comparison and Analysis of Productivity Growth
and R&D Investment in the Electrical Machinery Industries of the United States and
Japan.” Chapter 4 in Charles R. Hulten, ed., Productivity Growth in Japan and the United
States. Chicago: University of Chicago Press, 1990.

33



OECD (2005), “OECD Science, Technology and Industry Scoreboard,” OECD, Paris.

Park, Walter G. "International R&D Spillovers and OECD Economic Growth." Economic
Inquiry, October 1995, 33(4), pp. 571-591.

Pesaran M. Hashem; Nadeem U. Haque and Sunil Sharma. “Neglected Heterogeneity
and Dynamics in Cross Country Savings.” In J. Krishnakumar and E. Ronchetti (eds)
Panel Data Econometrics — Future Directions, Elsevier Science, 2000, chapter 3, pp. 53-
82.

Poole, Erik and Bernard, Jean-Thomas. “Defence Innovation Stock and Total Factor
Productivity.” Canadian Journal of Economics, May 1992, 25(2), pp. 438-452.

Romer, Paul M. “Endogenous Technological Change.” Journal of Political Economy,
October 1990a, 98(5), pp. S71-S102.

Romer, Paul M. “Human Capital and Growth: Theory and Evidence.” Carnegie-
Rochester Conference Series on Public Policy: Unit Roots, Investment Measures and
Other Essays Spring 1990b, Volume 32, pp. 251-286.

Solow, Robert M. “A Contribution to the Theory of Economic Growth.” Quarterly Journal
of Economics, February 1956, 70(1), pp. 65-94.

Staiger, Douglas and Stock, James H. “Instrumental Variables Regression with Weak
Instruments.” Econometrica, May 1997, 65(3), pp. 557-586.

Tatom, John A. “Public Capital and Private Sector Performance.” The Federal Reserve
Bank of St. Louis Review, May / June 1991, 73(3), pp. 3-15.

Timmer, Marcel P., Ypma, Gerard and Van Ark, Bart (2003). “IT in the European Union:
Driving Productivity Divergence?”, GGDC Research Memorandum GD-67 (October
2003).

Van Pottelsberghe de la Potterie, Bruno and Lichtenberg, Frank. “Does Foreign Direct
Investment Transfer Technology across Borders?.” Review of Economics and Statistics,
August 2001, 83(3), pp. 490-497.

Verspagen, Bart. “R&D and Productivity: A Broad Cross-Section Cross-Country Look.”
Journal of Productivity Analysis, 1995, Vol. 6, pp. 117-135.

Wang, Jiann-Chyuan and Tsai, Kuen-Hung. “Productivity Growth and R&D Expenditure
in Taiwan’s Manufacturing Firms.” National Bureau of Economic Research (Cambridge,
MA) Working Paper No. 9724, May 2003.

Xu, Bin. “Multinational enterprises, technology diffusion, and host country productivity
growth.” Journal of Development Economics, August 2000, 62(2), pp. 477-493.

34



Data Appendix
The relevant data series used are as follows. Multi-factor productivity (P™);

research and development expenditures of business (E;°), higher education (E’), and

RD
gov

government (E) sectors; stock of human capital (H ); high technology exports ( X")

and import (M"); bilateral joint patent application (PAT__ ) at the European Patent Office

cop

(EPO); gross domestic product (Y); business-sector value added (Y, ); government’s

fixed capital formation excluding the public R&D and military expenditures (1, ); total

gov
employment (L); business-sector employment (L, ); labor force (LF); government

expenditure (E_, ); unemployment rate (U); purchasing power parity exchange rate 2000

gov

. H Py. H .
(PPP); gross domestic product deflator (Y " ); government investment deflator (1,,); and

stocks of inward (F') and outward ( F°) foreign direct investments.

Data on P™ are obtained from OECD’s Productivity database. For Germany this
series is available only from 1991 onwards. We extrapolated the pre-1991 data for
Germany from the TFP series of Timmer, Ypma and Van Ark (2003). The source

forE{" ,ErY, Eg andY, is OECD’s R&D database. PAT,, is authors’ own calculation

he * Hgov
using the EPO patent data obtained from OECD'’s Patent database. The relevant series
to construct X" and M"are derived from OECD’s STAN Indicators database. OECD’s
definition of high tech industries includes Aircraft and spacecraft; Pharmaceuticals; Office,
accounting and computing machinery; Radio, TV and communications equipment;
Medical, precision and optical instruments (see annex A, OECD, 2005). We have

followed their definitions while constructing the ratios of high tech exports and imports.
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DataonY, I,L, L, LF, E_,,U, PPP, I? and Y" are obtained from OECD’s ADB

gov ! gov ' gov

database. Series on F'and F° are obtained from OECD (International Direct
Investment Statistics Year Book) and UNCTAD (World Investment Reports).

Following the literature (e.g., Coe and Helpman, 1995; Luintel and Khan, 2004),
business sector R&D capital stock (S") is calculated from ES® using the perpetual
inventory method. The nominal ES® is converted into constant 2000 PPP US dollars by
using the GDP deflator and PPP exchange rate (2000=100). The initial business-sector

R&D capital stock (S;) is calculated as:

Sb_ E;g)
0 =—
g+o

(A1)

where § is the depreciation rate, assumed to be 15.0 percent, g is the average annual
growth rate of E;° over the sample, and EJ; is the initial value of E;° in the sample.
We have also used alternate depreciation rates of 12 and 15 percent for sensitivity

checks. The total public sector R&D expenditure (E;‘D) is the sum of higher education

RD
gov

and government sectors R&D expenditure (E° +EF"). The public sector domestic R&D
capital stock (S*) is computed following the method shown in equation (Al); EED is
expressed in constant 2000 PPP US dollars. The foreign R&D capital stock (S ") for each
sample country is calculated as the weighted sum of the rest of the sample countries’S® :

ZW.HSEH:' ' (A2)

where, t=1, 2,...... , T,,andi, j=1, 2,..,15. The bilateral time varying weight (Wij‘t)

between country i and country j, are the ratios of joint patent applications made by two

countries at the EPO to their respective total patent applications at the EPO. We use
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three-year moving averages of both the numerator and denominator to avoid sharp
yearly fluctuations. Patent data refers to patent applications at the EPO. Thus, we
compute 15X23 matrixes of bilateral patent cooperation coefficient for each sample
country. The stock of human capital (H ) is proxied by the average number of years of
schooling of the population from 25 to 64 years of age. Bassanini and Scarpetta (2002)
kindly provided data onH .

Stock of public infrastructure investment is proxied by the stock of public physical

capital. This is computed from |, series using the perpetual inventory method as shown
in equation (Al). The nominal I, is converted into constant 2000 PPP US dollars by
using the government investment deflator and the 2000 PPP exchange rate. A
depreciation rate of 8 percent (see Luintel and Khan, 1999 and 2004) and the sample-
period average growth rate of real |, are used to generate the initial stock of public
capital. We would have liked to cover more than 16 OECD countries, but data constraint

on P™ proved prohibitive.

XXXX

Data for P™ are obtained from the OECD productivity database. Data onS° and

SP for each sample country are constructed from the flow of real R&D expenditures
incurred respectively by the business and public (higher education and government)
sectors. We use the perpetual inventory method to construct the stock measures (see
Coe and Helpman 1995, among others). The relevant S' for each sample country is
computed as the weighted sum of the rest of the sample countries’S”. We use bilateral
time-varying weights: they are ratios of joint patent applications made by two countries at

the EPO to their respective total patent applications at the EPO (European Patent Office).
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We compute 15X23 matrixes of bilateral patent application ratios for each sample
country. To control for the sharp yearly fluctuations, we use three-year moving averages
of both the numerator and the denominator while computing these weights. * The
average years of schooling of the age group 25 to 64 proxies the stock of human capital
(obtained from Bassanini and Scarpetta, 2002). We proxy the stock of public
infrastructure by the stock of public physical capital stock constructed from government’s
gross fixed capital formation following the perpetual inventory method. Government’s
gross fixed investment data exclude expenditure on public R&D and military. > The
relevant series to compute X" and M" are obtained from the OECD’s STAN Indicators
database. The control variable for the business cycle is computed as 1 minus the

unemployment rate (see, Guellec and Van Pottelsberghe, 2004); data are obtained from

OECD’s ADB data base. Data on F' and F° are obtained from OECD and UNCTAD.
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Figure 1: Multi-factor Productivity (2000=1)

Logarithms

1.02

1.00

0.98

0.96

0.94

0.92

0.90

0.88

0.86

0.84
1994 1996 1998 2000 2002 1980 1982 1984 1986 1988 1990

Figure 2: Business-sector R&D Capital Stocks (2000=1)

Logarithms

Logarithms

1980 1982

1984

1986

1988

1990

1992

1994 1996 1998 2000 2002 1980 1982 1984 1986 1988 1990

39




Figure 3: Public-sector R&D Capital Stocks (2000=1)
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! Exogenous growth models (e.g., Solow, 1956) treat technological progress
exogenously whereas endogenous growth models (e.g., Romer, 1990a; Grossman and
Helpman, 1991; Aghion and Howitts , 1992) endogenize innovations.

2 A strand of empirical studies focuses on the role of different sources of R&D.

Three distinct types of R&D — business sector, public sector and foreign R&D — are
analyzed and, in general, they are reported to have significantly positive effects on
domestic productivity and / or on the reduction of production costs (e.g., Cohen and
Levinthal, 1989; Geroski, 1995; Nadiri and Mamuneas, 1994). It is argued that the public
sector R&D focuses on “pure basic research” to advance the knowledge frontier whereas
business sector R&D may lay equal emphasis on “applied research” and “experimental
development”. Thus, different sources of R&D may have a different impact on
productivity.

% Although in a minority, there are few exceptions to this consensus. Panel studies on
firm and industry level data (Griliches and Lictchenberg, 1984; Jaffe, 1986; Bernstein,
1988; Verspagen, 1995) report that R&D elasticities are often statistically insignificant.
Likewise, on the sources of R&D, Poole and Bernard (1992) report a significantly
negative effect of military innovations on the multifactor productivity of Canada.

* The pair-wise correlation matrix, not reported here to conserve space, reveals a very
high magnitude of correlation (coefficient of 0.90 or above) between all pairs of
regressors except for the employment level. The latter is the only right hand side
variable, which shows a somewhat lower magnitude of pair-wise correlation.

* A formal proof of omitted relevant variables resulting into biased parameter estimates
and reduced standard errors of the parameters can be found, among others, in Greene
(2003, pp. 149-151).

® Dummy variables are routinely used to capture some regional and / or country specific
differences but our argument of heterogeneity is insightful and goes beyond the ability of
dummy variables (see below).

" One exception is Luintel and Khan (2004) who argue and show that knowledge
spillovers ( 4,) may not be positive for the technology leader.

8 Lucas (1993) and Romer (1990b) illustrate the different forms of human capital, e.g.,
human capital acquired through schooling, learning-by-doing and engaging in trade.

® For simplicity, only first order lags are shown in equation (1). In the estimation, we allow
up to second order lags.

19 Although, in specification (1) we allow for 10 theoretical determinants of productivity

but this list is not exhaustive. We acknowledge that ICT (Vecchi and O’Mahony, 2003),
financial deepening (Demetriades and Luintel, 1998; Townsend and Jeong, 2004), cross-
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boarder flow of people (Barnebeck and Dalgaard, 2006) are some of the other variables
which are viewed to affect domestic productivity. The lack of sufficiently long and
consistent data series for the sample countries analyzed in this paper precluded us from
using these variables. Moreover, the focus of this paper is to assess the robustness of
the sources of knowledge in explaining productivity and we believe that augmenting
three sources of knowledge by additional seven regressors is sufficient to accomplish the
task at hand. In other words, if the sources of knowledge remain robust vis-a-vis these
seven additional regressors then it is likely that they will remain so with respect to other
variables as well.

1 pesaran et al., (2000) provide the theoretical basis for this modeling strategy and show
that ignoring parameter heterogeneity results in biased and inconsistent parameters.
They also find that when cross-country parameter heterogeneity is accounted in this
manner, the non-linearity in macroeconomic relationships disappears. In other words, the
econometric evidence of non-linearity in macroeconomic relationships may be due to the
neglected heterogeneity.

121n section 4, we explain why we opt for country-specific mean levels of Sft (S"),
SP(SP), Z;,(Z;), and H, (H;) rather than the intensity measure in order to capture the
cross-country heterogeneity in productivity parameters.

n equation (2) if A=6, =6, = ¢, =d¢ = 0 holds for j=(1,.,5), then the relationship is static
with homogeneous slope parameters. The autoregressive fixed effects model - common
in the literature - holds if A=0U 6, =6, =, =¢, = 0 for j=2,.,5. If A#0U &, =6, =, = ¢ 0,
then the relationship is heterogeneous in both slope parameters and adjustment
dynamics.

4 |n Table 1 Japan’s stock of public infrastructure appears higher than that of the USA.
This is due to the exclusion of public infrastructure expenditure by local governments. In
USA, local governments account for a high proportion of these expenditures. We exclude
infrastructure spending by local government to maintain data consistency across our
sample countries (see footnote 7). This should not be a serious concern because in
sensitivity checks, our results remain robust when we drop USA from the panel and re-
estimate the model (see section 6).

!> The per capita figures are readily calculated by dividing the relevant stock measures
by the total labor force given in the last column of table 1.

16 The first difference specification purges data of the fixed effects. However, there are
other equally valid transformations — e.g., mean and/or orthogonal deviations — (see
Arellano and Bond, 1991). We use mean deviations in equation (2).

7 When only three sources of knowledge are allowed in regression (1), the estimated
point elasticities are: 0.175 (0.095), -0.100 (0.391) and 0.049 (0.002), respectively, forS®,
S” and S’ . Figures within parentheses are P-values.
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18 The country specific parameters are qualitatively similar across all three estimators
except for the insignificance of F' under the single equation GMM estimator. We do not
report the country specific parameter associated with dynamic heterogeneous OLS and
single-equation GMM estimators to conserve space. However, they are available on
request.

9 Itis important to note that statistically significant parameters carry important
information. Even if their signs do not conform to theoretical priors, a significant piece of
information must receive due consideration in policy making hence the importance of
these findings.

% Notes to Table 3 are as follows. AR(2) is the second order LM tests of residual serial
correlation. Under GMM, these tests are on the first differenced residuals because of the
transformation involved. o;and y; are the fixed and time effects. Numbers (.) are p-values
based on the robust standard errors under the null that the coefficient is zero. Sargan
tests are y?[r] distributed under the null of instrument validity. S°, S?, U, X", M" and

H are GMM-instrumented setting S > 3: S and the mean-interacted regressors are

treated exogenously. Reported results remain robust even when S’ and the mean-
interacted regressors are instrumented by their lagged values. Variable definitions are

Ti
given in the footnote to Table 2. The definition of mean values are: V, =T, ">V, and
t=1

Vi,t € (wa Si’,)t' Hi,t’zi,t) .

%1 This measure of S' reflects the extent of successful R&D collaboration between
nations leading to patent applications at the EPO. It also reflects the view that knowledge
spills over between countries through R&D collaboration.

%2 We acknowledge that this is a crude measure of public infrastructure. No data exist on
governments’ aggregate stock of physical infrastructure. Studies use measures such as
road mileage, telephone lines, supply of electricity, number of airport terminals etc.
However, such indicators of public infrastructure appear more suitable for developing
countries but, for obvious reasons, are not appropriate for this analysis. Our sample of
OECD countries may not show any significant variations in these measures of
infrastructure during the late 20" and the early 21% century, which is our sample period.
Except for the USA, it is difficult to find data on the fixed capital formation by local
governments. Therefore, we use data on federal / central government to proxy public
infrastructure.
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