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Chapter 1

Introduction

1.1 Outsourcing and the Technology Portfolio

A question central to industrial organization isshirms and markets might be organized
to produce optimal output under the constraintshenfirm and markets. Constraints occur
due to a scarcity of available resources and tdojgires as well as environmental factors,
such as the degree of market competition. Typicalfirm’s resources are defined as
capital, labor, and intermediate inputs, and tle@pction technology that determines their
transformation into products and services. Howewere important input, technical

knowledge, has been generally neglected. Only tgcenawareness growing about this
critical factor of production (Abramowitz and DayitB96). Its impact is important for two

reasons: first, it can help to relax constraintsrbgroving a firm’s production process and
second, it can influence the internal resourcecation via the development of new

products.

All firms desire to allocate their resources optimato ensure the best possible
performance. Therefore, two strategic issues mesidadressed: What inputs and services
should be produced in-house or outsourced? Shdirchaoncentrate its activities only in

one technology, or across a range of technologies?

A firm’s decision on purchasing rather producin@d® mainly tackles the demand side. In
the neoclassical theory the decision to outsourceestically integrate activities was

simply explained by comparing the production coffecence between internal production

and outsourcing. However, since the choice canedaittributed solely to production costs
differences, other theories emerged. Transactiost teory, mainly influenced by

Williamson (1971), states that deciding betweersautcing and vertical integration also
depends on understanding exchange relationshipgerideng on factors such as asset
specificity, uncertainty and market concentratiarfirm can choose to outsource parts of
its production process if the cost of producinguitspor services in-house is greater than
subcontracting them on the market. This initial rapgh has been extended in the



literature to different firm and market characties (e.g. Grossman and Hart, 1986;
Abraham and Taylor, 1996; Grossman and Helpmar)200

The second strategic issue addresses the supplyWidile the make-or-buy decision can
be viewed as an attempt to wipe out efficiency dssdue to transaction and production
costs, no such clear motive exists when a firm nchsiose between specialization and
diversification. Depending on the theoretical perdjve, the costs and benefits of
diversification have been discussed in the conté>@¢conomies of scale and scope, risk
diversification, excess capacity, and specific aggraracteristics. Nonetheless, research
on diversification has largely concentrated on ris@sons for, and the nature of, product
diversification (e.g., Pavitt et al., 1989; Montgemny, 1994). More recently, the question of
diversification has been extended to the conceptfom’s technological portfolio. Due to
the distinct characteristics of product and tecbgichl portfolios, several arguments
consider why firms should engage in a number débht technological fields rather than
specialize in a single technology. Grandstad (19@8¢s that technological diversification
in general enhances the possibility of technoldgsallovers within and across firms.
Additionally, spreading the resources might endinieas to make better use of new
technological opportunities or evolutions (Nelsd®59). Further, the transfer and
application of knowledge to completely new techgatal fields is eased. Another
argument to promote diversification is risk redanti focusing on a few technologies

might leave firms “locked-in” to a particular teaiiagy (Suzuki and Kodama, 2004).

Market conditions affect the make-or-buy decisiod ¢ghe alignment of the technological
portfolio. For example, a competitive environmentinput markets could cause a firm to
increase its outsourcing due to lower transactiostsc or lower input prices. Vertical
integration might be a firm's preferred strategy rion-competitive markets to avoid
possible hold-up problems. A similar argument carapplied concerning the influence of
competition on technological diversification. Cortippge pressure could force a firm to
concentrate its innovation activities on only a feslated fields, to achieve optimum

economies of scale and scope in the knowledgeianeattocess.

! The notion of technological spillover goes backaffe (1986).
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1.2 The Make-Or-Buy Decision

The decision between outsourcing and in-house ptadu is based on economic
principles like costs saving considerations. Finmb allocate their limited resources to
those activities that give them comparative advgegawhile all other activities will be
outsourced to external suppliers. However, the aghdietween continuing in-house
production and outsourcing cannot solely be basegroduction costs differences. In a
seminal paper Coase (1937) noted that the key tlerstanding vertical integration or
outsourcing is rooted in understanding exchangatioglships. Building on his insights,
two theories of vertical integration and outsougciemerged:. the “Transaction Costs
Economics” approach of Williamson (1975, 1985) ahd “Property Right Theory”
approach of Grossman and Hart (1986) and Hart anar&1(1990).

The transaction cost approach examines how ex-goasi rents depending on asset
specificity and other factors could create hazéomdsong-term contractual relations when

contracts are incomplete, and the resulting effectsdeciding whether to integrate or
outsource. The property rights theory formalizesiemf the concepts of the transaction
costs approach, focusing on how the ownership g§iphl assets, which confers residual
rights of control over these assets, alters theiefffcy of trading relationships (Whinston,

2003).

Below | give a briefly review of the leading thessj discuss their differences, and

illustrate some of the empirical studies used $b ttee derived theoretical predictions.

1.2.1 The Neoclassical View

The neoclassical economic analysis regards anynéssiorganization as a "production
function” that aims to maximize profits. Focusing groduction costs the approach views
production cost savings as the chief motivator datsourcing. Predictions about the
decision to vertical integrate or outsource adgsgitare simply drawn from a comparison of
production cost difference between internal anemal production. Outsourcing occurs if
outside suppliers have comparative cost advantdgesto benefits from economies of
scale, smoother production schedules, or a cerdtaln of expertise (see survey by
Heshmati, 2003). The approach abstracts from fiimtarnal organization as well as the

private ordering purposes of contracts.

11



1.2.2 The Transaction Cost Approach

Noticing the shortcomings of the pure productiostcdriven approach transaction cost
theory recognizes that the choice between contininternal production and outsourcing

cannot solely be attributed to production costdedinces. The approach adopts the
transaction as the basic unit of analysis and fesws the economizing efforts that attend
the organization of transaction. This includes aan@nation of the comparative costs of
planning, adapting, and monitoring task complenternaunder alternative organizational

structures. As mentioned, much of the developmenhe transaction cost theory can be
attributed to Williamson (1971, 1975, 1985), whogg@gests that three transaction

characteristics are critical: the asset specifiditg type of uncertainty and the frequency
of transaction. | briefly describe these three sypad explain the prediction that can be

derived concerning the make-or-buy decision ofra:fi

Asset Specificity

Asset specificity refers to the degree to whichaaget can be used alternatively without a
loss in the production value. When transactionslirega particular investment in side
specific capital, specific physical asset, spedifionan assets, dedicated asset or brand
name capital, such transactions require an arraagemr mechanism to protect the
investor. If investments are characterized by d lidggree of specificity, the value of an
asset inside and outside of the contracting relalipp between firms may differ. Using
Klein et al. (1978) terminology, “ex-post quasi4®mmay exist, because the value of trade
within the relationship comes to exceed the valuth® asset outside it. Depending on the
degree of uncertainty and the complexity of theiremvment, the transaction costs of
negotiating and enforcing contracts make it costlyspecify all obligations under all
situations in a long-term contract. Generallysitnot possible to identify all conceivable
terms of performances for contracting parties. We@mtracts are incomplete and possible
quasi-rents are present it can give rise to oppatic behaviors. The contracting firms
may try to extract the quasi-rents by inefficieehlvior. They may threaten to dissemble
the relationship unless certain price conditiores fatfilled (the “hold up” problem). This
latter behavior can raise the costs of the outsatlgionship and reduce the efficiency of
the trading relationship. If the costs of opporstici behavior become large enough, it may
motivate one of the contracting firms to bring thensaction in-house in order to mitigate
these hazards. In summary, the transaction coststipredicts that outsourcing is only
desirable when the cost of asset specific investsnsnlower than the production costs

12



advantages and when contracts are incomplete egrieatls of quasi-rents will increase
the likelihood of in-house production.

Uncertainty

In general the two sources of uncertainty are eateand internal circumstances. External
circumstances are assumed to increase uncertaory tinan internal circumstances since
they are outside the institutional framework of tiven. When firms experience high
external uncertainty, they will probably internalifransactions to lower the transaction

costs.

Frequency

When firms interact frequently, the low-cost optisrto design an organizational form to
fit the specific situation. In contrast, if transans are made on a lower frequency, firms
may prefer to bear the risk of opportunism and ttag#ty rather than creating a new
governance mechanism. Thus, firms would outsouose frequency transactions. An

internalization of the transactions by firms woutthly be efficient for recurring

transactions.

Summarized, the following predictions on the derisio outsource or vertically integrate

can be derived from the transaction cost approach:

* Firms will prefer to outsource parts of their protdon or service activities where
transactions are non-specific and do not exhibigh level of external uncertainty.

* In contrast, firms will decide to retain activitige-house if transactions are
characterized by a high level of asset specifi@atgur in high frequencies, and are
subject to a greater level of external uncertainty.

1.2.3 The Property Rights Approach

While the transaction costs approach is recogrezegiving important insight about make-
or-buy decision, it lacks a satisfactory treatmerit the disadvantages of vertical
integration. It is not clear why a firm cannot daoe to integrate and perform better than
decentralized competitor3.herefore, Grossman and Hart (1986) and Hart andr&o
(1990) propose defining the boundaries of firmstamrms of the allocation of residual
control rights. Grossman and Hart (1986) definenlas the rights that are not covered in

the contract otherwise. The owner of the residaaitrol rights has the ability to decide

13



about an underlying physical asset in cases of mpt&ied contracts. Thus, the theory
takes ownership of the assets as the defining cteaistics of a firm: every firm can now

be defined as a set of assets under common owpdksbistrom and Roberts, 1998).

The approach builds on the same premise of incdmplentracts and ex post quasi-rents
such as the transaction costs theory. The maiitionius to explain, due to property rights
on physical assets, how contracts are reorganibesh firms become integrated or when it
would be more cost effective to split them into agpe organizational units. Whinston
(2003) identifies three ways, in which the properghts theory can be distinguished from
the transaction cost theory: first, from a methodadal point of view, the property rights
theory is much more formal then the largely vetibahsaction costs theory; second, both
theories focus on different phases of the contedcttirangements. The property right
theory puts distortions in ex ante investmentshat ¢enter of the analysis while the
transaction costs theory concentrates on ex pats @d opportunistic behavior and hold
up. Third, the transaction costs theory proposedsoirse integration of transactions as a
solution to solve the problem of costs from oppoidtic behavior, and the property rights

approach recognizes that opportunistic behaviotbegpresent in all organizational forms.

In the property rights model, the ownership of esgeimportant for each firms’ incentive
to invest, since it determines the residual rigiftsontrol and hence the “outside option”
or “threat point” of each party in ex-post bargamiabout incomplete contracts. The
allocation of residual rights of control to onenfirstrengthens its investment incentives
while it weakens the incentives of the other. Ttaumsgconomically efficient organizational
form applies where the partitions of property rgyare grouped into appropriate bundles
and assigned to the transacting party most capebédficient production. The property
rights that comprise the bundles will be groupedhsd appropriate economic incentives

are created for the owners of each bundle.

The main predictions of the “property right theomyti the decision to outsource vs. to
vertical integrate parts of the production process be summarized as follows: if two
parties each make an investment relevant to areiffedimension of the business,
ownership should be given to just one of them {wakrintegration), or the two dimensions
of the business should be separated (outsourcohepending on which arrangement
minimizes the loss in surplus due to possible itnaest distortions.

14



Summarized, the following predictions on the derisio vertically integrate or outsource

can be derived from the property rights approach:

* If two parties each make and investment relevard thfferent dimension of the
business, ownership should be given to only orteerh.
* If two parties each make an investment relevar wifferent dimension of the

business, the two dimensions of the business sheutgparated.

1.2.4 Empirical Evidence on Outsourcing and Velticggegration

Extensive research has been carried out to emibyriest the predictions derived from the
theoretical considerations described above. Then rhgpotheses tested are that highly
specific assets, frequent relationships, and uaicgyt push firms to internalize some
stages of the production process. | review thevagle empirical studies on the role of
specific assets for the make-or-buy decisidrrestrict myself to studies on two types of

specificity, human capital and physical assets.

Monteverde and Teece (1982) make one of the fitstrgts to explain the effects of asset
specificity, defined as the worker-specific knowded on the decision to produce
components in-house or to obtain them from the etatdsing data from 133 automotive
components from an assembler, they group everyip#re categories made or purchased.
Each part is rated on a 10-point scale dependinghenengineering investment from
“none” to “a lot”. Their econometric results shomat the amount of engineering efforts is
significantly positive related to the degree oflbaard integration. Monteverde and Teece
provide the empirical evidence that asset spetyjfisi an important determinant for the

make-or-buy decision of firms.

Masten (1984) examines the procurement decisiolarge aerospace companies in the
U.S. Building on a dataset of 1887 componentsehtstthe relationship between vertical
integration into the production of components, tlegree of component complexity and
the degree to which the component are specializedet aerospace firm. His finding of a
positive effect of the variables on the likelihooldintegration aligns with the predictions

derived from the transactions cost theory.

%2 See Joskow (1995) for an extensive survey.
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Using data on producers of 34 organic chemical yots] Lieberman (1991) tests how
demand variability and transaction costs jointlfeetf the level of backward integration in
the chemical manufacturing sector. In comparisoeadier studies, he directly observes
the integration decision on the plant and firm le¥stimating a logit model, his results
imply that firms integrate to avoid bargaining pgeshs. His finding also confirms the
prediction that asset specificity measured as nkrestment costs of plants, increases the

likelihood of integration compared to outsourcing.

In a study on U.S. auto manufacturers, Masten.gtl8P1) attempt to distinguish among
types of specific assets, comparing the relativeoirtance of relationship-specific human
and physical assets. Human asset specificity islagign defined after Monteverde and

Teece (1982) as the amount of engineering effagtpiired to produce a particular

component. Physical asset specificity is measusethe extent to which components are
produced with physical assets that are specifihéoauto manufacturer. Estimating three
different model specifications, the authors suggfest human asset specificity affects the

integration more than physical specificity.

Lyons (1995) is one of the first empirical studiestest the relationship between scale
economies, asset specificity and the make-or-buyswa for UK firms. His is the only

approach that incorporates the production technyoiloig the estimation. Based on a logit
estimation, he finds evidence in three differenpdtheses derived from the transaction
costs theory: first, inputs that require a specpimduction technology are usually
produced in-house; second, inputs that requireesmakcope production technologies are
less likely to be produced in-house and third, gheduction technology (scale and scope)

have a greater impact on the make-or-buy decisidha absence of specific assets.

1.3 Outsourcing and Performance

The choice between internal production and outsogrs based on production costs and
transaction cost. Firms assess the productivitiheir in-house production and decide to
outsource if external providers can provide comipareservice more cheaply. Thus,
outsourcing is expected to increase the produgtofifirms and thereby of an industry as a
whole. Choosing the efficient form of production ynexpand the share of productive
firms and push less productive firms out of the keti(Antras and Helpman, 2006). The

16



next three sections give an overview of the emglritndings on outsourcing and
performance at both industry and firm levels.

1.3.1 The Influence of Outsourcing on AggregatedBotivity

One of the first studies on the productivity effe¢toutsourcing at the industry level is
Siegel and Griliches (1992), who investigate whetlogitsourcing of services by
manufacturing industries lead to an overstatemémbanufacturing productivity growth.
Using industry and establishment data from varisosrces, they only find a weak
correlation between the acceleration of manufaaturiotal factor productivity and

outsourcing of services.

In a study that strongly builds on their resultenTRaa and Wolf (2001) investigate the
hypothesis that part of the recovery of U.S. mactuféng productivity growth during the
1980s and 1990s is a consequence of the outsowtsgyvices from manufacturing. The
analytical framework is based on an Inputs-Outmalysis initiated by Leontief (1967).
Ten Raa and Wolf suggest that the outsourcing ofices is partly responsible for the
recovery of the total factor productivity growthnmanufacturing during the 1980s and that
the manufacturing industries are successful atrealieing service activities exhibiting

slow productivity growth.

Fixler and Siegel (1999) are the first to examime implications of outsourcing for output

and productivity growth of service industries. Thaege a simple theoretical model to
motivate firms’ decision that explains some of tleasons for the widening gap in

productivity between the service and manufactusectors in the relative share of service
sector employment. Their results show that outsngrproduced a short-term reduction in
service sector productivity. They also find thatghrctivity improvements can be expected
if outsourcing of services by manufacturing firmibsides relative to production capacity

in the service sector.

Egger and Egger (2005) provide the first real intsgabout the role of international
outsourcing on the productivity of low-skilled wems in EU manufacturing.
Distinguishing between long- and short-term effedteey find a negative effect of
outsourcing on real value added per low-skilledkeoi(short-term) which they attribute to
labor market rigidities in their EU, and a positefect of outsourcing on low-skilled labor

productivity (long-term).
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Amiti and Wei (2006) provide one of the first corapensive studies that analyze the link
between service offshoring and total factor proghitgt (TFP) as well as labor
productivity. A number of studies (e.g. Feenstrd &anson, 1996 and Amiti and Wei,
2005) looking at the employment effects from ofishg before, do not explicitly try to
evaluate the impact of offshoring on performanadidators like productivity. Amiti and
Wei (2006) distinguish the influence of offshoriofyservices and offshoring of materials.
Their results show that offshoring of services ag®sitive influence on labor productivity
in the U.S. manufacturing industries and accouats1d percent of labor productivity
increase from 1992-2000. However, their evidenceftshoring of materials is somehow
less robust and changes according to the econansegcifications.

1.3.2 Outsourcing and Firm Performance

While in the 1990s most of the empirical contribation outsourcing and offshoring
focused on aggregate data, recent years have seaeinga in interest in productivity

analyses at the micro level, with production essaiphents in the focus of attention. The
advantage of micro level analyses is that theywattontrolling for potential heterogeneity
between firms and thus can give a more detailedhhsnto firm behavior. Most of the

studies evaluate the impact of outsourcing by edting labor productivity through a

production function. Other, less frequently usedfggenance indicators are total factor
productivity or profits. Micro level studies can lkvided according to the type of
outsourcing: studies that distinguish between déimesd international outsourcing and
those that concentrate on service and/or mateutsbarcing effects.

1.3.2.10utsourcing and Productivity on the Firm Level

Girma and Gorg (2004) are among the first to aralye effect of domestic outsourcing
on productivity using firm data. Their work centers firms in three specific industries of
the U.K. manufacturing sector, namely, chemicalsecimanicals and instrument
engineering, and electronics. In a first step tinegstigate the main determinants of firms’
outsourcing decision. Estimating separate modeléeh industry, they find a positive
correlation between high wages and outsourcinggestgqng that costs-saving motivations
play a significant role in the outsourcing decisi¢ioreign-owned firms exhibit higher
levels of outsourcing than domestic firms but théhars fail to give an explanation for this

phenomenon. In a second step, they investigatértpact of outsourcing, defined as the
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costs of contracting out machine, engineering, drafting services on the level and
growth of labor and total factor productivity. Theis a significant positive influence of
outsourcing on the levels of both labor and to&dtdr productivity of firms in the
chemical and engineering industries. The estimation first-differences do not yield

strong results.

Using a firm-level data set for the Irish electemisector, Gérg and Hanley (2005)
investigate the effects of international outsouwyciron plant-level productivity.
International outsourcing is measured as the rafiomported inputs to total inputs.
Estimating a Cobb-Douglas production function, thesat the outsourcing intensity as a
shift parameter that directly impacts the totaltdagroductivity. Their paper provides
evidence that international outsourcing increaseslyzctivity, although the effect only
holds for plants with low export intensities. Gé@ngd Hanley (2005) justify this finding as
follows: plants with low export intensities bendfie most from outsourcing inputs on the
international market, because it allows greatexilfiéty in production techniques as well

as exposure to international best practices.

In a similar study Gorg et al. (2008), extend thalgsis of Gérg and Hanley (2005) to
plants in the entire Irish manufacturing sectotidgiishing between services and material
outsourcing. Similar to Go6rg and Hanley (2005) tloajculate an indicator of a firm’s

propensity to outsource as the expenditure on autsw (either on imported services or
material inputs) relative to the total wage billsibly different estimation techniques in
order to account for potential endogeneity of thesourcing decision, they discover robust
evidence for a positive effect of international vée® outsourcing on productivity.

However, this result appears to hold only for ek

Very recently Paul and Yasar (2009) evaluate thmdymctivity and input composition
effects of outsourcing for Turkish textile and amgbananufacturing plants. They choose a
somewhat different approach compared to previouslies, by using three types of
analyses: premia regressions, analysis of labatyatovity levels and growth gaps, and an
estimation of a translog production function. Thwice of a flexible translog production
function, compared to the Cobb-Douglas functiomieavork, allows them to control for a
full range of substitution among factor inputs asllvas cross effects with national and
international outsourcing indicators. All three Bsas show that a higher share of
imported materials and subcontracted inputs arecaged with significantly greater

performance, including higher labor and total fagimductivity. Furthermore, the results
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of the production function estimates show substituteffects between intermediate
materials and value added inputs, implying that there productive plants tend to

outsource processing activities to reduce capitdllabor use.
1.3.2.2The Effect of Outsourcing on Firms’ Profitability

To date a very limited number of studies has ingastd the effect of firms’ outsourcing
intensities on profitability. The issue is whettiems that undertake outsourcing show a

higher profitability as a result.

One of the first attempts to analyze the impaaduiSourcing on profitability is by Gorzig
and Stephan (2002). Using firm-level data for therr@an manufacturing sector, they
measure firm performance by returns to employeesraturns to sales. Three different
measure of outsourcing are expressed relative @otdtal wage bill: material inputs,
external contract work and other costs not relédgaroduction. Material inputs reflect the
make-or-buy decision of a firm, whereas externaltiaxt work is an indicator for the
farming out of internal production. The third vdii@ stands as a proxy for service
outsourcing. Nevertheless, Gorzig and Stephan (28@2not able to distinguish between
national and international outsourcing. Applyinffefient estimation techniques, they find
a positive and significant effect of material owtsting on firms’ performance; however
outsourcing of services has a negative effect wnsfi profitability in the short-term. They
conclude that firms tend to overestimate the casirg benefits accruing from

outsourcing of external services by underestimatiegassociated transaction costs.

In a closely related approach Goérg and Hanley (R@34mine the relationship between
outsourcing and profitability in the electronic secin the Republic of Ireland. Unlike
Gorzig and Stephan (2002) they calculate their cautsng indicators relative to value
added, resulting in a measure of importance of bbugintermediates in the production
process. They are able to distinguish between ratemals and components and service
inputs, resulting in a total of three different smrcing indicators. Profitability is defined
as the ratio of net profits over total output. Methlogically, they explicitly address the
problem of a possible endogeneity of outsourcing profitability by applying General
Method of Moments (GMM) estimators. Their findingsiggest that plants that are
substantially larger than the mean employment sizetheir sample benefit from
outsourcing material inputs, but it does not appede the case for small plants.
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1.4Methodological Issues in Estimating Total Factor

Productivity

Researchers interested in estimating productivétly choose from an array of different
methodologies. Typically, most of the firm-leveloductivity studies focus on estimating
labor or total factor productivity through a protion function frameworK. While labor
productivity can be calculated rather easily asrét® of some output relative to the labor
input measured in hours worked or labor compensaseveral methodological issues
emerge in calculating total factor productivity. I8, | will describe the different
approaches briefly and discuss their strengthsasgaknesses. | will present some possible
solutions to improve productivity estimates promgbsethe literature, without claiming to

give a comprehensive treatment of all the issuesived.

1.4.1 Basic Setting

For the sake of simplicity, | will describe the fdifent methodological issues using the

example of a simple Cobb-Douglas type productiomctfion:

Y, = AKELE (L)

whereY,

. refers to some measure of output for firmm periodt, K, is capital, L, labor

and A, is the Hicksian neutral technology factor of thenf Taking logs results in a linear

production function:
Yi =& + Bk + Bl (1.2)

where lower-case letters refer to variables in r@tiogarithms. The technology factor is

often defined as follows:

a =+, +u, (1.3)

% See Van Biesebroeck (2007) for an extensive suisgussing the advantages and drawbacks of five
commonly used techniques to estimate total faatodyrctivity, namely: index numbers, data envelopimen
analysis, stochastic frontiers, General Method oftdnts (GMM) and semi-parametric equations.

21



consisting of a measure of mean efficiency acrosssf denoted by, a time and firm
specific deviation from that mean that is predi#at, and an error term representing

unobservable distortions, .

Typically, firm-level productivity studies measut@al factor productivity as the residual
of the production function, by estimating equatidn2) and then calculating the total

factor productivity as follows:

C:)it = VYi _ﬁkit _Iélit (1'4)

However, there are a number of econometric problehen trying to estimate unobserved
productivity as the residual of the production fiime, using the observed micro-level

databases typically available. A simple Ordinaryadte Squares (OLS) estimation of

function (1.2) generally leads to biased estimalésee sources of bias can be identified:
first, input choices in the production function m#gpend on the unobserved productivity
component, leading to a problem of endogeneityorsgc firms can choose to exit

production depending on their productivity levelighmay lead to a selection bias in the
estimating the production function; third, in theegence of imperfect competition in the
output market an omitted variable bias may ariserwphysical output measures are not
available and researchers must thereby rely on tapnealues.

1.4.2 Simultaneity

A central issue in the estimation of productiondtimns is a possible correlation between
unobservable productivity shocks and the inputlevas already noted by Marshak and
Andrews (1994), the input levels in the productionction are not chosen independently,
but rather determined by the characteristics offitlne. At least a part of the productivity

level will be observed by the firm at a point eaglyough to allow adjustment to input
levels. Assuming profit-maximizing behavior, firmal expand their inputs in response to
positive productivity shocks and vice versa. Thaisimple OLS estimation of function

(1.2) will result in biased coefficients due to @relation between the level of inputs and

the unobserved productivity term, .

A relatively easy and common approach to solvepttoblem of endogeneity is the fixed
effects estimation. This estimation technique sebe the assumption that the part of the
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productivity influencing firm behavior,, is time invariant and firm specific. Equation
(1.2) can then be estimated in levels includinm{specific effects or in first differences,
leading to consistent estimates. However, despéettractive properties of this approach,
it performs sometimes poorly in practice (Ackerbetgal., 2007). Since it only uses the
within-variation of the underlying unit of concernstate variables, which only change
slowly through time, are often underestimated. #kes it also impossible to control for

time invariant factors.

Blundell and Bond (1998) introduced a more flexiapproach. They suggest modeling the
productivity term of the production function (1.23 consisting of a firm fixed effeat,
with an additive autoregressive component= pcw,_, +, and a term capturing possible
measurement errorsi,. Inserting it into the terma, in equation (1.2) and quasi-
differencing the resulting production function lea a dynamic estimating equation in

the following form:

Yie = Wit B = A + Bk —Kio) + i + (7, + U — ou ) (1.5)

However, estimating equation (1.5) by OLS will Istiuse biased results because inputs
will be correlated with the composite error. Blulhdend Bond (1998) propose to first
difference equation (1.5) to eliminate the fixeteefs and use twice and more lagged input
levels as instruments. Additionally, they show thader additional assumptions twice
lagged first differences of all other variables ca@nve as instruments for the production
function in levels, which can help to improve thegalbity of the estimation, leading to a

system of equations.

A mayor advantage of this procedure is its flexipiin generating instruments. Further, it
allows for an autoregressive component to proditgfiin addition to a fixed term. The
major disadvantage is that it requires a long padalditionally, if the included
instruments are weak, it can lead to consideradt@tion in the estimated parameters.

Olley and Pakes (1996) suggest an estimation puveedddressing the simultaneity
problem, without having to rely on external instemts. Building on a structural model,
they propose to include the firm’s investment decisto proxy for the unobserved
productivity shocks. They start with the capitat@mulation equation, linking capital

stocks and investments:
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ki =(@= 9k +i; (1.6)

where k,denotes the capital stock,the current period investment anll a parameter
capturing depreciation. Dividing inputs into frealgriable ones e.g. labor and the state
variable capital and productivity, they write thierfs investment as a function of the two

state variables:

Iy = (i, k) (1.7)

Pakes (1994) shows that under certain assumptifin®’a investment function is strictly

increasing in the unobserved productivity shock g can be inverted:
wy = i (K1) (1.8)
Using equation (1.8) the production function canmdyeritten as
Yi = Bl + @ (i Ke) +uy (1.9)
where

¢ (i Ke) = B + Bk + @, (i, k) (1.10)

Then, equation (1.9) can be estimated in two stepsfirst stage, an estimator linearljn
and non-parametric i, (i,,k,) can be used to receive consistent parameter eéstnoh
4. Olley and Pakes propose to approximate the tesrti,, k,) by a higher order

polynomial ink,andi, and then to use OLS.

Since the capital variable enteys(i,,k,) twice, a second step is needed to recover the
coefficient 4. Two assumptions are needed for its identificatimmoductivity follows a

first-order Markov process, and capital respondanovations only with a time lag:

i =Wy ~ E[a)it |a)it—1] (1.11)

Subtracting labor from the left side of equatior®jland inserting (1.11) fow,, it follows

that:

Yi*t =y, =Bl =B+ Bk, +E|w, |a)it—l]+£it U, (1.12)
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Regressing y,, obtained from the first step, ok, and a consistent estimate of

E[w, |w,_,] then produces consistent parameter estimatg. of

Levinsohn and Petrin (2003) propose a similar apgnoto Olley and Pakes (1996),
although building on different instruments. Obsegvthat only observations with positive
investment can be used to proxy for the unobsepveductivity, they argue that this may

lead to substantial efficiency losses, dependintherunderlying data set.

Levinsohn and Petrin suggest using intermediatatshmather than investment as a proxy.
They argue that energy usage (fuels) and mataealisually observed with a low level of
zero inputs and thus can serve as better proxiedetthe assumptions that intermediate
input demand depends on the state variakleand «, and providing that intermediate

inputs are strictly increasing i, , the unobserved productivity term can be expreased

i, = Gy (K, my) (1.13)
where m, stands for intermediate inputs.

The estimation can be conducted analogously toyGdled Pakes (1996). However,

Levinsohn and Petrin (2003) suggest using GMM liergsecond-step estimation.

1.4.3 Selection

Another central issue is the possible bias causgdodnel attrition, known as the
endogeneity of attrition, or selection bias. Mamnflevel datasets contain missing values
associated to plants that enter and exit the sanfpleese plants are selected in a non-
random manner, e.g., they drop out of the sampleesihey stop producing, this factor
must be accounted for in the production functiotineation. The traditional solution was
to bypass the problem by constructing a “balan@t[j considering only those firms that
operate the entire sample period. As Olley and £4k896) note, when firms’ exit
decision depends on their perceptions of theirr&uparoductivity and these perceptions are
partially determined by their current productivitysopping them from the analysis will
generate a selection bias in the estimates. Thutddoe the case if plants with higher
capital stocks are less likely to drop out sinceytremain unaffected by the unobserved

negative productivity shocks.
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Olley and Pakes (1996) suggest a method to cofoedhe attrition bias by including a
fitted value for the probability of exiting the nkat in the production function estimation

equation.

Their estimation algorithm is based on a dynamideh@f firm behavior that explicitly
accounts for entry and exit decisions. At the begig of every period an incumbent firm
decides to exit the market or to continue operatinig assumed to maximize the expected
discounted value of future cash flows. Thus, itd drcision depends on its perceptions
about the future market structure given currenbrimation. If it exits, it receives a

particular sell-off value and never reenters.

Formally, define an indicator functiog, that takes the value of zero when a firm exits and

one otherwise. Firms will stay in the market ifitheroductivity level exceeds some lower
low

bound x, =1 if w, z@w. Thus, the expectation oE[y,, - Al,.,] can be expressed

conditional on the firm’s survival:

E[yt+1 _lqlit+1 |kit+1’)(it+1 :l]

(1.14)
= ﬁ) +ﬁ<kit+l+ E[a)itﬂ |a)it’)(it+l :1]

Under some assumptions about the conditional deositc,,, Olley and Pakes show that
the last part of the later term can be written BRo,., |@,, X,.o =1] = 0(P.. ¢, - Bk,)

where P, denotes the survival probability of firimat timet. Substituting (1.14) in equation

(1.12) leads to

yi*t+l = yit+1 _ﬁlitﬂ = ﬁ) +ﬁ<kit+1 + g(ét,ét _ﬁ(kn) + gtit + uit (115)

This estimation equation controls for both simuditéyn and selection bias and must be
estimated in a two-step procedure. Variables withat are estimates from first stage

regressions.

1.4.4 Omitted Price Bias

Typically, most firm level datasets lack any priodormation and quantity measures of
output. In most of the cases, researchers musbrelgdustry-level price indices to deflate

some monetary output value like sales or value éddowever, if firm-level price
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variation is correlated with input choice this canoduce biased estimates of the
parameters of the production function. As De Loe¢k807) notes, this bias will generally
be opposite to the bias introduced by simultaneftynput choice. To circumvent the
problem, Klette and Griliches (1996) as well as iheghn and Melitz (2002) suggest
introducing an output demand equation and solvandifm-level prices. Thus, the lack of
information on input prices is substituted by soassumptions on the demand structure.
More recently, De Loecker (2007) propose to combimeeOlley-Pakes methodology with

an output demand system, avoiding both simultarie#éty and omitted variable bias.

1.5 Technological Diversification and Market Value

While the make-or-buy decision and its impact amfiperformance address the input
demand side of firms a similar question arises wédinm needs to decide about how to
best align its business activities. It can eitheoase between specializing in only a few

activities or in a wide diversity of products wilifferent technologies.

The diversification decision has long been a majpic in economic researétDepending

on the theoretical perspective and the specifiasiny under study, the costs and benefits
of diversification have been discussed in the odnié economies of scale and scope, risk
diversification, excess capacity, and specific agdraracteristics. Nonetheless, research
on diversification has largely concentrated on risesons for, and the nature of, product
diversification (e.g. Pavitt et al., 1989; Montgamel994). Only lately is the question of
diversification being extended to the concept ohf technological portfolio, defined as
the diversification of a firm’s technological comeecies. Observing that technological
and product market diversification originate infeliént stages of the value change, and
often are motivated by different reasons (Heeley Batusik, 2004), the new literature

concentrates on the reasons and consequencesoblegical diversification.

Breschi et al. (2003) summarize some stylized fatigut the distinct characteristics of
product and technological portfolios. First, thevelepment of a product usually needs a
wide range of technologies. Products are becomiagerand more "multi-technology” as
are the firms that produce them. Granstrand (198&es that firms can often be
characterized as multi-technology companies eveenvwthey focus on a narrow business
line. Second, technological diversification antatgs product and market diversification as

* For a survey see for example Ramunuja and Vargaa(2989).
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a prerequisite for production (Pavitt, 1998). Thteghnological diversification already
contains information about the product alignmentiglen in a later stage. Third,
compared to product diversification, the technolguytfolio of a firm is rather stable

through time (Cantwell and Andresen, 1996).

1.5.1 Measuring Technology and Innovations

How can we measure new knowledge and technicalgefafdeally, one could observe a
direct measure on innovative outputs identifiedelxperts or reported by firm managers.
Unfortunately, such data is only rarely availaltdat there are other proxy measures that
are closely related. Two broad indicators can lsirdjuished: R&D data and data on
patent applications and their citations both hadaatages and drawbacks which will be

discussed briefly in this section.

The longest-standing area of data collection orovative activities is R&D. Although
difficult to confine, most data collections on R&mave adapted the definition of the
Frascati Manual OECD (2002) which describesséarch and experimental development
to comprise creative work undertaken on a systeniasis in order to increase the stock
of knowledge, including knowledge of man, cultuned aociety, and use of this stock of
knowledge to devise new applicatidns.

Several characteristics make R&D expenditures drtbeomost intensively used proxies
for innovation and technical change in the literatlR&D data has been collected for a
years; it is often classified according to multigeteria, which makes it possible to
distinguish between the type of research, i.e. chasi applied, and the sector of
performance, i.e. business, government and higthecagion (e.g. MSTI database of the
OECD, 2008a). A final advantage is the availabildf data on different levels of
aggregation. Firm-level R&D is often reported imses data or financial databases like
Compustat and Amadeus, and most countries keep Ré&fistics on industry as well as
country level. However, R&D data is always consteai as an indicator for technology
and innovation since it mainly measures the inpué of the research process (Kleinknecht
et al., 2002).

In contrast, patents are frequently used insteayq, (dausman et al., 1984; Kortum, 1997,
Teitel, 1994). They have some nice features toroffe an ideal output indicator of

inventive activity. They are by definition relatéadl inventiveness, they are based on an
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objective and largely time-insensitive standard] aerhaps most critical to researchers,
comprehensive data on patent applications is wideigilable. Patent statistics can be
obtained easily since national and internationaémaoffices have compiled patent data

information in some cases for centuries.

However, using patents as an indicator also hasatsbacks. Patent applications are often
criticized for measuring just one component of itirevative process since inventors may
choose other protection strategies, such as tradeets. Some technologies such as
computer software and design patterns cannot lenfeak in every country. Thus, the use
of patents underestimates real innovative activitgiditionally, research (e.g., Scherer,
1965; Pakes and Schankerman, 1984; Pakes, 1986h€si 19905hows that the value of
patents skews right, with only a few patents belmghly valuable. Because of this
heterogeneity in the value, patent count may beoar pneasure of innovative output.
Various attempts have been made to adjust for #reation in the quality of patents.
Schankerman and Pakes (1986) for example use paeetvable data to estimate the
value of patent rights. In the more recent literatypatent citation data is often used to
capture quality differences in patents (e.g., Eréjerg, 1990; Harhoff et al. 1998).
Trajtenberg (1990) argues that the number of timpatent is cited in subsequent patents
iIs a measure of technological significance. Theeefhe suggests using a weighted patent
count that can be calculated by multiplying eachepaby the number of citations.
Comparing this measure with simple patent countshimevs that it is a better indicator of

the value of technological innovation in CT scasrtéian simple patent counts.

1.5.2 The Technology Portfolio

Several arguments have been put forward about wmg fshould engage in a number of
different technologies. Grandstad (1998) notes tétinological diversification in general
enhances the possibility of technological spillevesithin and across firms. Additionally,
spreading the resources can enable firms to makierbese of new technological
opportunities or evolutions (Nelson, 1959). Furnthere, the transfer and application of
knowledge to completely new technological fieldsemsed. Another argument is risk
reduction; focusing on a few technologies could/éeirms with the risk of technological
lock-in (firms become trapped in their technoloyigSuzuki and Kodama, 2004).
However, in this context the amount of relatedneessompassed by the technology

portfolio influences the possibilities of using $skeeadvantages: the economies of scope are
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higher the more related a firm’s technologicaldge(Chandler, 1990). Arguing in favor of
a narrow technology portfolio, Garcia-Vega (2006)d aPiscitello (2000) show that
specializing in a few key technologies may causmemies of scale due to the learning

process the firm experiences.

Most of the early studies analyzing the impact nfedification and innovation relate
some measure of innovation to some kind of divieestiion index (e.g., Herfindahl, also
known as Herfindahl-Hirschman Index, or HHI), usyabased on a product-level
measure. The majority of these studies find songge#eof correlation (e.g., Gort, 1962;
Grabowski, 1968; Teece, 1980 and Scherer, 1984pdrézing the distinct characteristics
of product and technology diversification, only eéatly research begun to focus on the
impact of technological diversification on firmsinovativeness. Most of these follow the
“knowledge production function” approach, a weltaddished structural framework
developed by Griliches (1979) and implemented bikeBaand Griliches (1984), Jaffe
(1986), Hall and Ziedonis (2001) and others. Acoagdo Griliches (1979), innovative
output is the product of knowledge generating imiinilar to the production of physical
goods. Inputs, such as R&D expenditures or humaitataare invested in the knowledge
production process to generate economically vatukbbwledge. Based on the notion of a
knowledge production function, Nesta and Savid&@05) show for U.S. pharmaceutical
companies that the coherence of the technologigvalsification contributes positive and
significant to the innovativeness of firms. Theynstiuct a measure of technological
relatedness, first proposed to measure the coher@nindustries by Teece et al. (1994),
and relate it to the firm’s number of patents amailons. Garcia-Vega (2006) examines
empirically the effects of the technological divgrsof firms on two measures of
innovations: the R&D intensity, measured as R&Deanglitures over sales and the number
of patents. This is the first econometric study Earope and is conducted on a panel
dataset of 544 firms for the years 1995-2000. Siuces the degree of technological
diversification by constructing a Herfindahl inde%x concentration based on a patent
classification scheme. Her results show a stadiyicsignificant positive relationship
between the technological diversity and the two suess of innovation at the firm level.
Therefore, she concludes that firms appear to befreim cross-fertilization between
different technologies.

In another recent paper Leten et al. (2007) exatheeelationship between technological

diversification and the innovation performance ofmg in conjunction with the
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technological coherence of their technology poid&l Based on theoretical insights from
the technology and innovation management literatdhey find that technological

diversification has an inverted U-shaped relatigmshith technological performance of
firms. This can be explained by the tradeoff betwtshnological cross-fertilization and
fewer marginal benefits due to insufficient levélsgale. They also find that the level of
technological coherence of firms’ technology pditfe can have a positive moderating

effect on the relationship between technologice¢diification and performance.

1.5.3 Knowledge Capital, Technology Portfolio andrkkt Value

The most common empirical approach to evaluatertipact of knowledge capital and
technology on firm performance is to relate proouitgt to some kind of innovation
measure. Similar to the studies on outsourcing ridest in the previous sections,
performance is usually calculated as labor or tédator productivity (see for example
Mairesse and Mohnen, 1995, for a survey of theseiet). While this approach appears
reasonable for evaluating the relationship of fextsuch as outsourcing, several
considerations make it difficult to implement irethase of intangible assets. Hall (2000)
identifies three reasons: a long and uncertairstagture between spending on innovation
and the impact on that innovation will necessititieg time series data (usually not
available in firm datasets); when the time lag lBs&winnovations and productivity gains
is unclear, it casts doubt on the usefulness o$ethgtudies for decision-makers; and
measuring the returns to intangible assets reqairesreful specification of the timing of
other inputs (usually not possible in typical fitevel datasets). Recognizing these caveats,
several researchers have turned to an alternappeoach that relates the returns on
innovation to the firm’s value observed in the finel market. Using this method avoids
the problem of timing costs and revenues (Hall,@0and since the market value captures
the discounted expected future cash flows, thisaggh is capable of a forward-looking
evaluation. However, the data requirement restribtsse analyses to publicly traded

companies.

| describe the approach briefly, using a treatntieat follows Hall and Oriani (2004) and
Czarnitzki, Hall and Oriani (2005). | then will samarize some of the influential studies,

using stock market evaluation to assess the imgfdetowledge capita.

® For an extensive survey see Hall (2000) and Cz&inHall and Oriani (2004).
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The locus of the foundation of the market valuerapph is in the literature on hedonic
price regression (Waugh, 1928; Griliches, 1961 Tdtionale is to view every product as
the value of its components. Applying this ideathe firm, the market valu®/, of a

companyi at timet can be described by the value of the differenétass comprises:

V, =V (ALK 1yl (1.16)

ity st
Here, A,depicts the book value of the tangible ass&tsthe replacement value of the
firm’s knowledge capital, andl! the replacement value of other intangible asgets..n).

Assuming an additively separable specificationts assets and ignoring the intangible
assets for the sake of demonstration, the markeé\od a firm can be expressed as:

Vi = QA+ K) (117)

In this standard version of the value function, taiable q can be interpreted as the
current market valuation coefficient of a firm efting its monopoly position, differential
risk, and overall costs of capital adjustment. Paeametery depicts the relative shadow
value of knowledge capital to tangible assets, thrdparametep allows for non-constant
scale effects in the value function, but is usuagumed to equal one, indicating constant

returns to scale.

Taking logarithms and subtracting the book valuetasfgible assets from both side of

equation (1.17), leads to:

logQ, = Io{%} =logq+ Io{1+ y%j (1.18)

it t

where Q, denotes Tobin’s ¢, which is the ratio of the markalue of physical assets
relative to their book value. The estimation ofl@). allows one to evaluate the average
impact of an additional unit invested in knowledgethe market value of a firm.

From a methodological side, two different approaclae present in the literature
concerning the treatment of the non-linear tetn({l+ yKn/AI), which affect the
econometric specification of the model. Approximgtithe termln(1+yKit/At) by

yK /A, using If{ ¥ x)=x if x is small, leads to a linear specification {eh& non-linear

it
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estimator must be applied otherwise. The accurddihe approximation depends on the

magnitude of theK, /A, ratio: the smaller it is, the better the approxiorat

The depicted framework serves as the basis forreetyaof studies relating different
measures of knowledge capital, e.g., R&D investimgatients, citations, etc., to the market
value of firms. In one of the initial attempts, l@hes (1981) conducted uses Compustat
data for 157 U.S. firms and finds that past R&D #m&lnumber of patents positively relate
with the value of a firm measured as the book vaker total assets. Following the same
approach, Cockburn and Griliches (1991) improve $heck market's valuation of
knowledge capital by enhancing it with a measurepgdropriability environment facing

the firm. However, they find only weak evidence poip for these factors.

Using the Tobin’s g methodology, Hall (1993) fintkeat the stock market valuation of
intangible capital created by R&D investment in th&. manufacturing sector falls during
the 1980’s. She offers three possible reasondi mfthe private rate of return to R&D; a
more rapid depreciation in R&D capital; and a cleamgthe risk behavior of investors that

results in a higher discount rate of future cast§l.

Megna and Klock (1993) analyzed the extent to whictowledge capital explains
differences in the Tobin’s gatio across firms in the semiconductor segmenthef

electronics industry in the U.S., and find sigrafit firm-specific differences persisting
after adjusting for R&D stocks and patent stockem@ared to previous studies, they
conclude that R&D and patent stocks appear to meatitferent elements of intangible

capital.

Noticing the variability in value across patentspumnber of authors follow Trajtenberg
(1990), by weighting the patents with the numbecitdtions received. Shane and Klock
(1997) test to what extend citations contributéht explanation of the expected returns of
a firm’s intangible capital. Based on a refinemehtthe dataset of Megna and Klock
(1993), Shane and Klock provide evidence that ioitat contain information above and
beyond simple patent counts on the value of semdiector firms’ intangible assets.
However, they notice that due to the ex post nadfi@tations data, the use of citations in
estimating the current value of intangible assety be limited.

Hall et al. (2005) extended the market value equatvith respect to the patent yield of

R&D, measured as the ratio of patent count stock®Rk&D stocks, and the average
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citations received by these patents, measuredeasativ of citations to patent stocks. The
authors argue that the knowledge creation procassbe viewed as a continuum from
R&D to patents to citations. Every step adds piefasformation concerning the value of
the innovations generated in a firm. R&D shows ¢cbenmitment to innovate; patents are
an indicator of success and citations indicatesttient to which the innovations turn out to
be “important” and therefore valuable to the firtdsing a non-linear least squares
estimator, they find a statistically and economycaignificant impact of all three

measures of intangible capital on the market valodjcating that a more detailed
description of the knowledge creation process cdah substantially in explaining the

market value of a firm.

Nesta and Saviotti (2006) conducted the only stodyate that connects the insight of the
market valuation literature and the research ohrtelogical portfolios of firm. Using a
panel of 84 firms active in biotechnology they exaenthe relationship between the
characteristics of the firms’ knowledge base imi&iof knowledge capital and knowledge
integration and the firms’ stock market value. Thigfine knowledge integration, as the
extent of relatedness of technologies within a’8rkmowledge stock and suggest using an
integration-adjusted knowledge stocks instead ef skandard stock measures usually
applied in the literature. Relatedness is measaedn Nesta and Saviotti (2005) by
constructing a measure on the basis of jointly ooog patent classes. They find evidence
that the degree of knowledge integration withirmBr can add significantly to the
explanation of firms’ stock market value. This lesuggests that knowledge creation is
equally important to the way firms combine thecheologies.

1.6Innovation and Market Structure

A central issue in industrial research is how firam&l the market should be organized to
promote innovations. The relationship between cditipe and innovation has long been
debatable. Several opposing claims exist abouthvnehonopoly or fierce competition in
atomistic market structures provides the best enwirent for the creation of new products
and process. | next present a short survey aberipirical evidence on competition and

innovation.
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1.6.1 Competition and Innovation

According to Schumpeter (1950), the organizatioriirois and markets most conducive
for an optimal allocation of resources is not neaed/ the optimal organizational form to
promote technological progress. Cohen and Levi@g1L%ummarize his arguments for a
positive link between market power and innovatienfallows: first, some expectation
about ex post market power is required for firmsasncentive to engage in R&D efforts
and second, the possession of market power pavsesfinnovation because it provides

firms with the necessary internal financial resesrand reduces uncertainty.

Building on Schumpeter (1950) a large body of wanlalyzed the impact of firm size on

innovation, although with mixed results. While sowfethe theoretical models tend to
conclude that competition reduces firm’s innovatieffiorts, the majority of empirical

evidence supports a positive relationship betwemmpetitive pressure and innovations
(e.g., Porter, 1990; Geroski, 1995a; Nickell, 19B&indell et al., 1999). Generally, these
studies postulate a linear relationship betweenesgmasure of innovation, most often the
R&D intensity, and some measure of firm size or keticoncentration. Surveys of this
research, e.g., Symeonidis (1996), Cohen (19955ahérer (1992) broadly agree that the
statistical evidence largely fails to support thypdthesis that large firms are more active
in innovation. Some studies extend the simple linemgression models by adding a
quadratic term of the concentration index and fem “inverted U” shape relation,

postulating an increase in innovative activity opatcertain level of concentration, but a
reduction beyond that (see for example Caves amtbi®Bal990 and Aghion et al., 2006).

As Aghion et al. (2006) argue, competition may @ase the incremental profits from

innovating but may also reduce innovation incergtife laggard firms.

Several studies on firm- or plant-level dynamicowhhow it positively affects the
innovation dynamics of an industry or country. Thenber of firm entries is hereby seen
as a measure of increased competitive pressurekelMantry may affect innovation
because high entry rates increase the incentivesmtivate and thereby the level of R&D
expenditures. Entry is often used as a vehiclarfooducing new innovations (Geroski,
1995b). New innovative firms challenge incumberitattare often more interested in
protecting their existing position than in seekmgw business opportunities. Incumbents
are then forced to increase their R&D investmerdraer to acquire a lead over their rivals

due to a more competitive environment. Thus, mesources are allocated to R&D via
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growing incentives to innovate. Market entry alsoreases competition because the new
entries force firms to improve their R&D processa. dompetitive markets, firms are
punished more severely for being inefficient (Boo2@08). Competitive pressure induced
by entrants therefore increases the incentivedldoate the scarce resources optimally to
ensure survival. Thus, high entry rates are aswatiith higher rates of innovation and
an increase of efficiency in the research process.

Among others, Acs and Audretsch (1990) and Gerd€1) find a positive link between
the rates of entry and innovation. Studies by Baidand Gorecki (1991) and Geroski
(1989) document a productivity enhancing effectnafrket entry on the industry level and
Aghion et al. (2009) claim that entry encouragesumbent innovation and productivity
growth.

1.6.2 Technology, Knowledge Production and Growth

A large body of theoretical and empirical litera&waffirms the importance of innovations
and technological change for economic growth (sgg Romer, 1990; Aghion and Howitt,
1992, 1998; Guellec and Van Pottelsberghe de lteffmt 2004). New technology and
improved processes lead to an increase in totébrfaroductivity and ensure economic
growth in the long run. Understanding the determisa@f innovation is crucial in order to

sustain countries long-term growth.

Most of the studies to date are based on the “kedgéd production function” framework,
described in the Section 1.5.2. This literaturentyaconfirms the importance of research
personnel and R&D capital to the knowledge creapimtess; less attention has been paid

to the importance of the efficient use of scar@®ueces in this process.

In a globalized world, countries are exposed td hayels of competition in domestic and
foreign markets for innovative products and futuexhnologies forcing them to
continuously update their technological capabditi€herefore, the efficient usage of the
scarce resources devoted to R&D becomes incregsinmglortant. Countries utilizing

R&D resources inefficiently will be penalized wighgrowth discount.

Only recently a new body of literature has emerdeal, puts the efficiency of the research
process at the center of interest. Recognizingdtfireulties in modeling the knowledge

production process, most of these studies applynthe-parametric data-envelopment
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analysis (DEA) to assess the research efficiendymat or countries. The DEA method is
well-suited to measure R&D performance for sevezakons (Wang and Huang, 2007). It
requires no specification of the functional formtb& knowledge production process nor
does it need any a priori information concerning timportance of inputs and outputs. |

give a brief summary about the relevant studigh@mnext section.

1.6.3 The Concept of Research Efficiency

Rousseau and Rousseau (1997, 1998) are the fitsdetaa DEA approach to assess the
relative efficiency of the R&D process. Using a gé&nof 18 developed countries, they
apply an input-oriented, constant return to scateleh with two outputs: the number of
scientific publications and the number of grantedepts at the European Patent Office
(EPO), and use three inputs: GDP, population an® R&estment, as input factors. They
find Switzerland is the most efficient country imigpe in 1993, followed closely by the
Netherlands. They next extend their work by inahgdAustralia, Canada, Japan and the
U.S. With the caveat that the findings could camtasbme bias due to using European
Patent Office (EPO) patent applications for the-Bomopean countries, they reaffirmed
the prior conclusion that Switzerland and the Ne#mels have the highest research

efficiency.

Lee and Park (2005) measure R&D efficiency in 2d@ntoes with a special emphasis on
Asia. They expand Rousseau and Rousseau’s (1998) basic framework by using the
technology balance of receipts as an additiongbwdudf the innovation process. In their
basic model, Austria, Finland, Germany, Hungaryd #me UK are found to occupy the

technology frontier.

Wang and Huang (2007) propose a three-stage apprimcevaluating the relative
technical efficiency of R&D across 30 OECD membad aaonmember countries that
controls for cross-country variation in externattéas, i.e. the enrollment rate in tertiary
education, PC density, and English proficiency.alrfirst stage, they apply an input-
oriented DEA analysis where patents and publicatieerve as outputs and R&D
expenditure and researchers as inputs. Their fgsdindicate that about half the countries
in their sample are efficient in R&D activity. Ins&cond stage, they take the input slacks
generated in the first stage as the dependentolarfiar a tobit regression to purge external

effects caused by environmental factors outsidestfigiency evaluation. Using the results
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they conduct an additional DEA and find a decraasine number of efficient countries
due to the external factors.

Sharma and Thomas (2008) measure the efficienttyedR&D process across 18 countries
using a DEA approach that applies constant asagellariable returns to scale production
technology. Their approach deviates from previooskwn two ways. First, they consider
a time lag between R&D expenditure and patentstgdarsecond, they include developing
countries. Their findings indicate that when usihg constant returns to scale approach,
Japan, South Korea, and China occupy the efficidérmtier, whereas within the variable
returns to scale framework, Japan, the Republikafea, China, India, Slovenia, and
Hungary are found to be efficient.

1.7 Contribution of this Dissertation

In an increasingly competitive environment, firmavl to optimally adjust both their
allocation of input factors and their technologytfmio. The latter determines economies
of scope and scale in future research and produciioe aim of this dissertation is to
achieve better insight into the strategies thanhdiremploy and the impact of these
strategies on performance. Hence, this thesis easebn as having two parts. Chapters 2
and 3 center on the question of outsourcing, maskeitcture and productivity, while
Chapters 4 and 5 focus on the strategic alignmieintnas and the efficient use of inputs in
the knowledge production process, given productketaentry restrictions. In what
follows, | will give a brief overview of each chaptand conclude with a summary of the

main findings.

Outsourcing is expected to increase the produgteitfirms by allocating resources to
their most efficient use. A number of empirical pegppconfirm the positive link between
outsourcing intensity and firm productivity. Howeyeao attempt so far has been made to
estimate the impact of the outsourcing decision tba level and growth of firm
productivity. In Chapter 2 | evaluate whether firmsperience significant productivity
gains which decide to rearrange their productioacess by subcontracting in-house
activities to outside suppliers. Here, | focus ¢ influence of service outsourcing,
measured by the costs of external contract worle dtrapter is based on a unique micro
dataset for the German manufacturing sector, aectsi from three different data sources:

the German Cost Structure Census, the German MoR#gport of Manufacturing Plants,
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and the German Production Census. The analysisnducted in three steps: First, | start
by identifying two groups of firms depending onitheutsourcing status. | then match to
each outsourcing firm a non-outsourcing partnen finat is similar in its characteristics by
means of “nearest-neighbor” propensity score matchiSecond, | estimate separate
production functions for outsourcing and non-outstwg firms controlling for the
simultaneity bias caused by a possible correlabietween unobserved productivity and
input factors. The estimation technique is based paper of Levinsohn and Petrin (2003)
who take intermediate inputs to proxy for the urestaed productivity. Third, | calculate a
measure for total factor productivity and evalutte effect of service outsourcing on
productivity by means of a difference-in-differerestimation approach.

The findings of the Chapter 2 suggest that servidsourcing can contribute significantly
to a better performance of firms. Firms that sthtte outsource parts of their production
services to external suppliers became on averagee&&nt more productive. This is a
substantial increase in the productivity level amas not expected to be this magnitude.
Furthermore, the results of the estimations onyctdty growth show, that firms starting

to outsource exhibit a seven percentage pointsehigrowth rate than firms that decide to

continue all production activities in-house.

While Chapter 2 concentrates on the impact of thsaurcing decision on the level and
growth of firm productivity, Chapter 3 looks at sgee market characteristics that favor
the outsourcing decision of firms. The make-or-li@cision has largely been analyzed
against the background of transaction costs coretidas. It compares the governance
costs of productions within a firm with the transac costs of organizing production

through the market. The principal factor respomsitar differences among transactions
costs is variations in asset specificity. Howevilis approach widely ignores two

important factors: the production technology and tlegree of competition in upstream

and downstream markets.

In Chapter 3 | test two main hypotheses which vdefrom both transaction costs and
production costs considerations: First, when outsng is the preferred organizational
form of firms, upstream markets with low asset #prty are characterized by increasing
returns to scale production technologies. In theeabe of specific assets and thus low
levels of transaction costs, outside contractonms teke advantage of demand from a
number of firms enabling them to benefit from eawoies of scale. Second, when

outsourcing is the preferred organizational fornfimhs, upstream markets with high asset
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specificity are characterized by a high degreeomhetition. The reasoning is as follows:
As the number of potential upstream partners obangtream firm rise, it reduces the
incentives for relationship-specific investmentsd dherefore reduces the potential hold-

up problem.

The aim of this chapter is to test empirically therived hypothesis by simultaneously
estimating the production technology and degreeoafpetition, measured as the ratio of
price to marginal costs. The analysis is based smdar dataset to that of the previous
chapter. However, | focus on the German automabdestry, which offers a particularly
interesting example in this context since Germanatakers have played an active role in
restructuring the industry by means of outsourcing.

The empirical analysis only partly affirms the ded hypothesis. Moreover, due to the
underlying data restrictions and a great amountasfance in the parameter estimates,

these results can only be interpreted with caution.

While Chapters 2 and 3 mainly center on the inparinand side of the firm and the
question of optimal resource allocation, Chaptegihs to examine the supply side in
greater detail. More specifically, | discuss th@aut of a firm’s technology portfolio on its
performance, measured in terms of its market vdResearch on the alignment decision
has largely concentrated on the reasons for, anddture of, product diversification. Only
more recently, the question of diversification bagun to be extended to the concept of a
firm’s technological alignment. Noticing the disttn characteristics of product and
technology diversification, Chapter 4 presentsfits¢ analysis that explicitly concentrates
on the valuation of the technology portfolio thrbuthe market, using a Tobin’s @

framework.

Economies of scale and scope in research and geweld influence the cost structure of a
firm and thereby its current and expected futushdéows. The purpose of this chapter is
twofold: first, | analyze the impact of the sizetbé portfolio on the market value of a firm
and secondly, | test the hypothesis that techncédgielatedness influences a firm’s

potential to make use of economies of scope.

My hypotheses build on the assumption, that indialdcharacteristics of a firm’s
technology portfolio determine its potential to raakse of economies of scale and scope
in the knowledge creation process. A firm mightuesglits ability to exploit economies of
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scale when the composition of its portfolio is wyddiversified. This is linked to the idea
of ray-economies of scale developed by Baumol e(1&88). In contrast, the benefits
generated by economies of scope depend on the arnbualatedness in the portfolio

since it will be less costly to develop these tedbgies with the existing knowledge base.

The analysis is conducted using a matched pati@mh level dataset for the years 1984 to
1995, consisting of publicly traded companies friti@ U.S. manufacturing sector. Patent
information stems from the NBER Patent databaséshwtontains all patents granted by
the USPTO during the period between 1965 -1996sel the technology-based USPTO
patent classification system to construct two messsdor the size of the technology:
simple unweighted count measure and number equiv&etropy. To test my second
hypothesis, | calculate a measure of technologreddtedness based on a method
developed by Teece et al. (1994), which was orlyinesed to determine how coherent a
company’s product portfolios is. The main idea Imttthe frequency of combined
technological classes within the same patent cositaformation about their technological

relatedness.

Based on an expanded Tobin’s q approach, | presedénce for a negative relationship
between the number of fields and the market vatoepbined with a counterbalancing
effect of relatedness. Enlarging the technologytfplio in unrelated fields negatively
influences the market value of a firm due to thet that it reduces the ability to exploit
future economies of scale and scope. In contragtrsifying into related areas increases
the possibility to benefit from economies of scopbich reduces future costs and thereby

increase future profits.

The last chapter — at least to some extent — thack to the question of optimal input
allocation and puts the knowledge production precasthe center of the analysis. In
contrast to Chapter 4, where the focus lies oraliggment of the technology portfolio and
the market value of firms, Chapter 5 takes a mamoemic perspective and assesses the
relative efficiency of knowledge production on gwuntry level.

Countries are exposed to an increasingly competigiwvironment, both in domestic and
foreign markets for innovative products and futteehnologies. This process forces
nations to continuously update their technologoagdabilities. Thus, in a globalized world,
the efficient usage of the scarce resources devimed&D becomes more and more

important.
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While most of the empirical literature affirms asgove link between R&D expenditure,
the number of researchers and innovative outputlefs attention has been paid to the
question of whether the input factors in the knalgke creation process are allocated to

their most efficient use.

In Chapter 5 I fill the gap in two ways: First, alculate the relative efficiency of public
and private R&D expenditures in the OECD using apawametric efficiency analysis
approach, the data envelopment analysis (DEA) tgalkn Using country level R&D and
patent information, | present efficiency scoresedlasn intertemporal frontier estimation
for the period 1995 to 2004. Secondly, | take asetolook at the different market
structures of these countries. In particular, L tbe hypothesis that regulation reduces
competition by raising barriers to entry, therebywéring competitive pressure and the
incentives to innovate efficiently. | examine thmpiact of countries’ product market
regulation on their relative R&D efficiency by apjplg a consistent two stage truncated
regression approach proposed by Simar and Wildadi7(2

My results suggest that Sweden, Germany and theéetlribtates belong to the best
performing countries, located on or close to theldvéechnology frontier. The efficient
organization of their knowledge production processild serve as models to improve
efficiency for less efficient countries like Chiaad Mexico.

Furthermore, the empirical evidence supports thmthesis that barriers to entry, aimed at
reducing competition, lower research efficiencydiienuating the incentive to innovate

and to allocate resources efficiently.
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Chapter 2

The Impact of Outsourcing on Total
Factor Productivity-Evidence from
Matched Firm Level Data

2.1 Introduction

Outsourcing has become a popular strategy amongioleanakers in order to increase
firm productivity (McMillan, 1995; Abraham and Tayl 1996; Campa and Goldberg,
1997). Spurred by the advances in information ammdrounication technologies over the
last decades, many activities that once used tpeb®rmed in-house are outsourced to
firms in the service sector. The main reasoningsigollows: the productivity of firms is

determined by their potential to minimize produsticosts via allocating inputs to their
most efficient use (Paul and Yasar, 2009). Firnesetfore assess the productivity of their
in-house production and compare it to outside segplIf external suppliers can provide a
comparable service cheaper — e.g. due to benéfédgsomomies of scale and centralization

of expertise — certain tasks may be subcontracted.

The decision to outsource, compared to continumegrinal production, is not solely
affected by production costs considerations. Aiferrreasoning relates to the optimal form
of organization — an issue that has been extenssteidied in the academic literature.
Starting with the seminal paper by Coase (1937) iactuding papers by Willamson
(1995), Grossman and Hart (1986) and more rec@&ribpgsman and Helpman (2005) and
McLaren (1999), various aspects of the trend te@mutce have been discussed. The main
focus lies on transaction costs and the propegiytsitheory. The transaction-cost-based
approach compares the governance costs of prodactthin a firm to the transaction
costs of organizing production through the markdtereas the property rights theory

emphasizes the efficiency costs of opportunistitaver in both organizational forms.

The aim of this chapter is to assess the influerfd&ms outsourcing decisions on their
performance. More precisely, | will evaluate whetkigose firms experience significant

productivity gains that decide to rearrange theadpction process by subcontracting in-
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house activities to outside suppliers. Hereby, ¢ui on the influence of service
outsourcing — as measured by the costs of exteomfact work — as opposed to material
outsourcing. The analysis is based on a representgianel dataset of German
manufacturing firms. It is constructed from thredfedent sources: the German Cost
Structure Census, the German Monthly Report of Naeturing Plants, and the German
Production Census. This firm level dataset provaegh basis of information to estimate
the total factor productivity as well as to examihe effect of outsourcing on firms’

productivity and productivity growth.

Even though outsourcing has been a growing phenomeaver the years, empirical
evidence on the decision to outsource and its sapbns for the firm is still limited.

These studies analyze quite different forms of autsing but so far no exact definition of
outsourcing has emerged. The term outsourcing esjuintly used to refer to all
subcontracting relationships between firms, andhineg of workers in non-traditional

jobs (Heshmati, 2003).

One strand of literature aims to explain the déferes between productivity growth rates
in manufacturing and services and the effects ofsaucing on manufacturing
performancé.Using a comprehensive plant-level dataset, AbraAachTaylor (1996) find
that firms reasoning to contract out business seswan be attributed to three motivations:
to smooth production cycles, to benefit from spiezaséion and most importantly, to realize
labor costs savings. Fixler and Siegel (1999) mtewwome insight into the consequences of
outsourcing for the measurement of productivityhwmtthe service sector. They find
evidence, that outsourcing has played a majorfosléhe growth of this sector. Siegel and
Griliches (1992) investigate whether outsourcingsefvices by manufacturing industries
led to an overstatement of manufacturing produgtiiReplicating these results, Ten Raa
and Wolff (2001) identify a positive correlation tiveen the rate of outsourcing and

productivity growth in the goods sector.

Girma and Goérg (2004) are among the first to arealye effect of domestic outsourcing
on productivity in the manufacturing sector, speeify, in the chemical, mechanical and
instrument engineering, and electronic industryefall, they find a positive impact of
outsourcing, measured as the costs of industriaicsgs relative to the wage bill, on the
level and growth rates of labor productivity as e total factor productivity. However,

® See Heshmati (2003) and Olsen (2006) for two éxeesurveys on productivity growth and outsourcing
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their results differ across industries and depanthe measure of productivity used. Using
a similar methodology, Gorg et al. (200Bjvestigate the influence of international
outsourcing on productivity the productivity of dhi manufacturing plants. They
distinguish the effect of outsourcing of materiatsd service inputs. Controlling for the
endogeneity of the outsourcing decision their asialysuggest potential productivity

increasing effect from international outsourcingparticular for service inputs.

Criscuolo and Leaver (2005) focus on the produstieiffects from offshoring for UK
establishments. They measure offshoring as theevafiiservice offshored relative to the
total services purchased by a plant. Using a GénedaMethod of Moment estimation
technique they show that offshoring of servicesegally has a positive impact on plants
productivity.

In a very recent study Paul and Yasar (2009) etwalube productivity and input
composition effect of outsourcing for Turkish téxtand apparel manufacturing plants.
Estimating a translog production function theirdiimgs provide evidence that higher
shares of imported materials and subcontracted tsn@we associated with higher
productivity levels. Furthermore, they show thatgh plants have, on average, a higher

proportion of skilled labor and capital than nortsmurcing plants.

This chapter contributes to the existing literatureseveral respects: First, | estimate
separate production functions for firms that outseparts of their services and those who
do not with the help of a matched sample. Secdnsl,is the first attempt to evaluate the
causal effect of the decision to outsource basea@ alifference-in-difference approach.
Third, so far no other study has to my knowledgaly@ed the influence of outsourcing on

productivity for the German manufacturing sector.

My findings suggest that service outsourcing playsignificant role in enhancing the
productivity of firms. Firms that decide to outscerparts of their services can benefit
from substantial increases in their performanceasueed both by level and growth rate of
productivity.

| organize this chapter as follows: In Section 2give a detailed description of the dataset
and present first descriptive statistics. In Sect®3 | discuss the applied econometric
method to estimate the parameters of the produdtioction and to obtain unbiased
estimates of the total factor productivity. The ules of the production function are
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reported and discussed in Section 2.4. In Sectibnl 2xplain the evaluation procedure
used to measure the influence of the decision tsoouce. Furthermore, the underlying
matching procedure as well as the rescaling of amypde will be described. In Section 2.6,
| show the results of the evaluation. Finally, e ast section | collect the main findings

and conclude the chapter.

2.2 Data

In order to investigate the relationship betweetsaurcing and productivity, | use firm
level data from the German manufacturing sectoe d@ata is taken from three different
censuses on plant and firm level, namely the Gern@ost Structure Census
(Kostenstrukturerhebung the German Monthly Report of Manufacturing Péant
(Monatsbericht fur Betriebe des Verarbeitenden Geegrand the German Production
Census Rroduktionserhebung Each dataset was gathered and complied by themase
Statistical Office Htatistisches Bundesanaver the period 1995-2006. Plant level data has

been merged to firm level data using a common ifient

The strength of the dataset is its sample coveaagdereliability of information. It covers
almost all large German manufacturing firms that B&0 or more employees over the
entire time span. Firms with less than 500 areunhetl only as a random sample that is
designed to be representative for the small firgment as a whole in every indusfry.

Only firms with 20 or more employees are coveted.

The Cost Structure Census contains information everal input categories, namely
payroll, employer contributions to the social ségusystem, fringe benefits, expenditures
for material inputs, self-provided equipment, godasresale, for energy costs, external
wage-work, external maintenance and repair, taxedggtion of fixed assets, subsidies,
rents and leases, insurance costs, sales tax,tatteey and public fees, interest on external
capital as well as “other” costs such as licenss,feank charges and postage, or expenses
for marketing and transpott.

" Samples are drawn in 1995, 1997, 1999 and 2003.

® In some particular industries, even firms withsléisan 20 employees are included as a random draw.
® For more information about the Cost Structure @srssirveys in Germany, | refer the reader to Fritsc
al., (2004).

46



The German Monthly Report of Manufacturing Plansvdes data on hours worked and
information on the export status of a firm. Furthere, it allows me to construct a variable

depicting the organizational structure of a firmdayculating the number of plants.

Finally, the German Production Census gives detaidormation about the number of
products produced approximated by the nine-digibdpct classification system
(Guterverzeichnis fur Produktionsstatistikenf the Federal Statistical Office. This
variable is an important element to improve the amiag approach in the empirical

analysis.

In order to calculate the production function | tise value of gross production net of sales
taxes and subsidies as a measure for output. Fomdine, | decided not to include turnover
from resale and other activities like license femsnmissions, rents and leasing, since |
assume that such revenues cannot adequately baireglin a production function

framework.

Production function estimates are found to be $seasto the choice of input factors
included, see e.g., Hyde and Perloff (1995). Thmesfl decided to use the following six
input categories: (Inaterial inputs intermediate material consumption; (@urs worked
hours worked are used, but unfortunately one caseparate between blue and white
collar workers; (3)energy consumptior(4) capital inputs(internal and external): capital
depreciation (internal) plus rents and leases (patg (5) other inputs other
expenses/costs related to production e.g. traretpmrtservices, consulting or marketing;
and finally (6)external servicesexternal contract work (farming out of producdavhich
serves as my outsourcing variable. | deflate gdutrand output series using the producer

price index for the respective industry.

The sample contains a number of observations witteme values that proved to have a
considerable impact on the estimated parametetheoproduction function and lead to
implausible results. Therefore, | exclude thosesoleions from the analysis for which the
cost for a certain input category in relation togy value added fall in the upper or lower
one percentile of the sample. Furthermore, | retsthie sample to the time period 1999-

2006 in order to minimize the number of resamples.

Descriptive statistics for the variables includee displayed in Table 2.1. It includes
separate means and standard deviations for botbourging and non-outsourcing firms.
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Notice, the means of outsourcing firms of all vales are slightly above the means of the
non-outsourcing group.

Table 2.1: Descriptive Statistics

Outsourcing Firms Non-Outsourcing Firms

Mean Std. Dev. Mean Std. Dev.
Revenue 16.50 1.45 16.07 1.35
Capital 13.74 1.44 13.37 1.34
Hours Worked 11.94 1.23 11.56 1.08
Material 15.40 1.70 15.08 1.59
Energy 12.10 1.67 11.84 1.58
Others 13.91 1.73 13.49 1.66
Services 12.59 2.06
Observations 44,250 36,319

Notes: All values are in logarithms, except of tiwenber of observations.

2.3 Estimation approach

To evaluate the causal effect of outsourcing | eedcin three steps: First, | divide the
firms into two groups, those which are engagedeirvise outsourcing during the entire
sample period and those which never outsource. &ns of propensity score matching, |
match to each outsourcing firm a partner with samgharacteristics. In a second step, |
estimate separate production functions for eaclumrand calculate the total factor
productivity of each firm. To this end, | apply d¢ler different estimators, OLS, fixed effects
and an estimation technique proposed by LevinsoldnPztrin (2003), which allows me to

control for unobserved productivity shocks. Finalliging the estimated productivities, |
evaluate the causal effect of the decision to starvice outsourcing on the level and
growth of total factor productivity by differenca-difference estimation. In what follows,

| will describe each step in greater detail.

2.3.1 Matching

In contrast to previous studies that assume sergigsourcing to directly shift the
technology parameter of the production functiog.(&irma and Gorg, 2004), | consider
service outsourcing to be an input factor of thedpction process. Neglecting it in the
estimation of the production function can leadicoanitted variable bias and thus result in
inconsistent estimations of the total factor prdolity. Since production functions are

usually estimated in logarithmic forms, it is impidde to simultaneously estimate a
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production function for outsourcing and non-outsing firms. Therefore, | decided to
estimate separate production functions for eaclugréiowever, firms in both groups
might be distinct in their characteristics, whichncinfluence my estimation results
significantly and therefore make it impossibledentify the effects of outsourcing on firm
performance. In order to cope with this problemetided to minimize the difference
between outsourcing and non-outsourcing firms bylyapg a matching procedure as a

first step.

The idea is to find for each outsourcing firm a +wansourcing partner with similar
attributes relevant for the production process. ey, comparing outsourcing and non-
outsourcing firms across all observable relevardaratteristics is limited. Therefore |
apply the “propensity score matching” approach mp@sed by Rosenbaum and Rubin
(1983, 1984). This technique suggests estimatinigary choice model (probit or logit) on
the probability to outsource given a number of ficharacteristics that influence
simultaneously the decision to start outsourcing productivity or productivity growth. |

decided to model the probability to outsourE@UT, =1) as follows:
P(OUT, =1) = F(siz¢ ,ind ,caf ,lab,,mai ,enej,othey...) (2.1)

where siz¢  denotes a set of size dummiesd,, the two-digitWZ (Wirtschaftszweidf)

industry level the firm is operating in amdy, ,lab,, mai;,ene| and othe}, are the typical

it
parameters of a production function, capital, lalboaterial inputs, energy and other inputs
respectively. Furthermore, | included a dummy \@eaindicating whether a firm is

exporting parts of its output.
| apply the nearest neighbor matching, which ide#tifor each outsourcing firm a non-

outsourcing firm on the following criteria:

p-pyf= min (o -p;) 2.2)

kO[ou

Thus, each firm of the non-outsourcing group issemas a matching partner for an

outsourcing firm that is closest in terms of it®gensity score ). Since the resulting

9 The WZ classification system of the German SiatifOffice corresponds to the international NACE
classification.

49



groups serve as the basis for the production fanastimation, the matching is performed

without replacement.

Using a logit model, | perform the matching for gvgear separately. Every firm once

identified as a partner for an outsourcing firnképt in the non-outsourcing group for the
rest of the time. If a partner drops out of the glendue to market exit or panel drop out, a
new partner is matched in the following year. Thetehing procedure results in a total of
29481 non-outsourcing matches for the 29479 outsogifirms.

In order to asses the quality of the matching ptaoe, | compare the mean of each
variable in Table 2.1 before and after the matchang calculate the standardized bias
before and after matching as suggested by RosenbadniRubin (1985). Although, it is
not a clear indicator for the success of the matghi find bias reductions of 3% to 8 %
depending on the variable and year, which is inoatance with other studies (e.qg.,
Caliendo and Kopeinig, 2008).

2.3.2 Productivity: Estimating the Coefficientstbé& Production Function

Having selected two groups of firms according w@irtlboutsourcing status, | derive the total
factor productivity by estimating separate produttfunctions for each. My estimation
strategy follows the assumption that firms prodaceording to a Cobb-Douglas type

production function of the following form
Y, = Ki{”k Lﬁl Mifm Eifesfsoifo exp@, + w, + /7n) (2.3)

whereY, represents the output of a firmn periodt, K, ,L,, M, and E, are the four
traditional input factors capital, labor, materialsd energy. | added two additional input
factors, namely external wage work, () and other inputs related to production such as
transportation services or consulting and marketatigsummarized inO,. The constant

B, captures the mean productivity whereag denotes the firm— time specific
productivity level andy, ani.i.d. component, representing unexpected deviatioms fhe

mean due to measurement error. Writing the equa2i@in logs results in a linear

production function, where lower case-letters réddog values:
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Vi =B+ Bk + Bl + B.my + & + BS, + B0 + & +17; (2.4)

A key issue in the estimation of this productiondtion is a possible correlation between
unobservable productivity shocks and the inputliet’eAs already noted by Marschak and
Andrews (1994), the inputs levels in the producfiomction are not chosen independently,
but are rather determined by the characteristicheffirm. Assuming profit-maximizing
behavior, firms will expand their outputs in respento positive productivity shocks,
leading to higher input levels. Negative producsivehocks influence firm behavior in the
opposite direction and lead to a decrease in inpage. Thus, estimating the equation (2.4)
can lead to biased estimates due to the correldtetween the level of inputs and the
unobserved productivity shocks. The direction ab thias is impossible to sign in a
multivariate context with many input factors. HoweyvLevinsohn and Petrin (2003) show
for a hypothetical production function with only dwnputs, labor and capital, that the
capital coefficient will be biased downwards asswgna positive correlation between

capital and labor and quasi-fixed capital.

Olley and Pakes (1996) were among the first to esiggn estimation approach addressing
the simultaneity problem without having to relyiastruments. They included an equation
derived from a structural model which proxies fobatt part of the error which might be
correlated with the freely disposable inputs. Mozeently, Levinsohn and Petrin (2003)
suggested an alternative method, which stronglydbuon the Olley and Pakes (1996)
approach. Instead of investment, they used inteilateethputs to proxy for the unobserved
productivity shocks and derive conditions underalhintermediate inputs can solve the

simultaneity problem.

In order to estimate the parameters of the produchiinction, | decided to follow the
Levinsohn-Petrin approach mainly because of thiovighg data restrictions: my capital
variable is an approximation of the underlying talpstock and unfortunately |1 do not
observe yearly firm investment. Thus, using intefiag inputs to proxy for the
unobserved productivity shock provide a good a#tewe to control for the simultaneity

bias.

| will sketch the approach briefly: staring fromuadion (2.4), the productivity component

w, is assumed to be a state variable and thus irdasethe firm’s decision rule. It is

1 See also Chapter 1.4 for a brief methodologicatesu
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unobservable to the econometrician but can inflaghe choice of inputs in the production
process and thus leads to the simultaneity problem.
Under the assumption that firms intermediate imgerhand depend on the state variables

capital k, and w, productivity, one can write:
m, =m, (ky, @) (2.5)

Furthermore, the assumption of monotonicity alldivs term (2.5) to be inverted which

leads to an inverse input demand function as fatlow

w, =y (K, my) (2.6)

Now, the unobservable productivity term can be esped as a function of the two

observable inputs capital and material.

Rewriting equation (2.4) as

Yi =B+ Bk + Bl + B.my + & + BS, + B0 + &y +17;

(2.7)
=Bl + B + BS + B0 + ¢ (k. m,)+ 77,

where
G (kit ! mit) = :30 + ﬂk kit + ,Bmmit + W (kit ! mit) (2'8)

Equation (2.7) can be estimated in a first stagmgusimple OLS. Hereby,¢, is
approximated by a third order polynomial expansioncapital (k,) and intermediate

inputs (m,). This will result in unbiased estimates of theapaetersg, 5., 5. and S,.

In order to identify the coefficients of capitas) and material §,) an additional

assumption about the development of productivityegeded since they appear twice in
equation (2.7) and (2.8). | herein follow Levinsoand Petrin (2003) and assume that
productivity follows a first order Markov procesadathat capital does not immediately

respond to innovations in productivigy, :

w, = Elw, |w_]+ &, (2.9)

52



which leads to a first moment condition:
E[Eit kn] =0 (2.10)

A second moment condition follows from the facttthast period’s material input should

be uncorrelated with this period’s productivity sko
E[¢im,1] =0 (2.11)

Additional over-identifying conditions can be addég using lagged levels of the
remaining input factors. The two parametgiand S, are the solution to the minimization

problem of the GMM criterion function:

EPZQZ(ZZ(% + it)Zi,htJ (2.12)

whereh is denotes the number of instrument&in

Traditionally, the production functions are estigthtusing a balanced sample thus
dropping all firms who enter or exit during the sdenperiod. However, several theoretical
models predict that the growth and exit of firmsnmtivated to a large extend by
productivity differences at the firm level. Thusnitting all firms that entry or exit is likely
to lead to biased results. Olley and Pakes (199@pest a selection correction by
incorporating the survival probability into the iesation equation. Unfortunately, the
dataset does not allow me to separate betweennfiamrket exits and panel mortality. |
therefore simply note that my panel is unbalaneed that | am not able to control for

these selection issues.

Table 2.2 depicts the results of the productionciom estimates. | estimate separate
production functions depending on the two groughidied by the matching procedure. |
compare the results of several models: a simple €igbession, fixed-effects regression

and the Levinsohn-Petrin approach, my preferredifpation described above.

Generally, in all three different estimation apmioes, all the coefficients on the standard
production factors, capital, labor, energy and mwateare statistically significant and
positive as expected. Furthermore, outsourcingeofises is found to be an important
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input factor of the production relationship witlpasitive impact on the revenue of a firm.
Due to the large number of observations in eachmrall estimated parameters turn out to

be significant even at the one percent level. Hexresomparing the size of the estimated

parameters | find substantial differences betweerthiree different approaches.

Table 2.2: Estimation Results for the Production Factions

OLS Fixed Effects Levinsohn- Petrin

Revenue OutsourcingOut';lgS;Cing Outsourcing Outl:(())g;cing Outsourcing Outzl(())lr};cing
Capital 0.210 0.218 0.115 0.119 0.135 0.187

(0.003)* (0.002)* (0.004)* (0.003)* (0.029) (0.Qp
Labor 0.128 0.147 0.076 0.091 0.112 0.133

(0.002)* (0.002)* (0.003)* (0.003)* (0.005)* (0.6
Material 0.389 0.425 0.418 0.442 0.489 0.488

(0.002)* (0.002)* (0.003)* (0.003)* (0.095)* (0.Q5*
Energy 0.050 0.057 0.045 0.057 0.041 0.042

(0.002)* (0.002)* (0.003)* (0.002)* (0.003)* (0.8
Others 0.158 0.13 0.081 0.075 0.146 0.129

(0.002)* (0.002)* (0.002)* (0.002)* (0.003)* (0.ap
Services 0.039 0.030 0.041

(0.001)* (0.001)* (0.001)*
Return. to Scale  0.95 0.97 0.78 0.79 0.96 0.98
Groups 8699 9418 8699 9418
Observations 29481 29479 29481 29479 29481 29479
R-squared 0.97 0.97 0.95 0.96

Notes: standard errors in parentheses, | repotstvapped standard errors for the Levinsohn-Papproach.
* significant at the 1% level

| start with a simple OLS regression as a base dipecification. It is clear that OLS
produces biased estimates in the case of unobsereedctivity shocks. Comparing the
estimation results for each group, outsourcing aod-outsourcing firms, | find similar
results except for the coefficient on material whis about 3.5 percentage points higher
for the non-outsourcing group. However, due to ssfme bias, | refrain from interpreting

this difference.

The fixed-effect estimation is a common alternatieeOLS. By using the within-firm

variation it controls for a potential correlationettveen unobserved firm-specific
productivity shocks and input choice. However, gsamly the within variation can lead to
an underestimation of those variables changing slodyly over time. The estimated
coefficients of the fixed effects model are consatbly smaller than the OLS results. In
particular, the coefficient of the state variabkgpital is just half the size of the OLS
results. Summing up the coefficients of the in@adtdrs, | find surprisingly low returns to

scale, which differ significantly from constant ugts. Thus, even though the within
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estimator serves as a “safeguard” against firmiBpeeffects and thereby reducing a

possible endogeneity problem, it however resulimplausibly low coefficients.

The last two columns of Table 2.2 display the ressaf the Levinsohn-Petrin estimation

approach. | use materials as a proxy for the urmmabdeproductivity shocks. The choice of

my instrument is built on the following considecati Firms report positive values of

material inputs for over 99% of the sample’s fireay observations. Thus, using materials
as a proxy ensures a minimum of truncation due teesy low number of zero

observations.

The proxy materials yield statistically significaastimates of the parameters of both
production functions, with and without outsourcinithe coefficient of material is the
largest with 0.48 in the outsourcing group and Ordthe non-outsourcing group, followed
by the coefficients of capital and other productioputs. The size of the coefficient is in
line with other studies, which usually find the gaeters of material to vary around 0.5
(e.g. Levinsohn and Petrin, 2003). Comparing tiselts of the Levinsohn-Petrin approach
to the OLS baseline regression, the main differecae be found in the size of the
estimated effects of capital and material. While tstimated impact of material is
considerably higher for the Levinsohn-Petrin apphoathe magnitude of the capital
coefficients is found to be of lower magnitude thha OLS estimates. This could be the
result of a possible correlation of input factonshvthe unobserved productivity shocks in
the case of simple OLS estimation causing a nofigielg endogeneity bias. To the
extent that capital responds to transmitted prodtygtshocks, its estimates are upwardly
biased. The remaining coefficients are of comparate. Focusing on the Levinsohn-
Petrin results of the production functions for th&sourcing and non-outsourcing group,
the only striking difference is the size of the ita@pcoefficient. In the absence of service
outsourcing, capital inputs are found to be morgartant for the production process.
Furthermore, the effect of service outsourcingtaistically significant in all approaches
and with 0.04 the highest for the Levinsohn-Peaipproach. Returns to scale range from
0.96 for the outsourcing group to 0.98 for the womsourcing group but are not

statistically different from constant returns.

Using the estimated coefficients of the LevinsolriRestimation approach, | calculate the
total-factor-productivities for both groups as tiesidual of the production functions. They
serve as the basis to identify a possible causattedf the decision to outsource on the

performance of firms, described in the next section
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2.4 Evaluating the Causal Effect of Outsourcing

| use my estimated productivities to tackle thesfioa whether a causal effect from the
decision to outsource on productivity and produttigrowth prevails. Do firms, which
decide to outsource parts of their services, ekpitmductivity gains? The main evaluation
problem is to isolate the effect of outsourcingtle productivity dynamics of firms.
Simply comparing the productivity of firms beforadaafter the outsourcing decision to
deduce the effect of the outsourcing decision hasausal interpretation. Many other
factors can be supposed to simultaneously influéatle productivity and the outsourcing
decision. A remedy to this problem is provided bye tdifference-in-difference
methodology. It can be described as a two-stepegiure. In a first step one estimates the
difference in the productivity of outsourcing andnroutsourcing firms at two points of
time, and then one derives the difference in tliference in a second step. This
procedure removes those possible biases in thendgoeriod comparisons between the
outsourcing and non-outsourcing group that coulsultefrom permanent differences
between those groups or common shocks. Theretgoegvides an accurate evaluation of

the impact of outsourcing on total factor produtyiand total factor productivity growth.

Before applying the difference-in-difference apmtod re-scaled the time periods in such

a way that a firm starts to outsource at tir@. Let @;"'denote the average outcome at the
time a firm started to outsource ang® the average outcome of a firm at the same time
that did not start outsourcing. Further, Bf°‘denote the average outcome in the year
after the outsourcing decision for an outsourcing fand @™"'for a non-outsourcing firm

respectively. Thus, the difference-in-differenceneator can be written as follows:
o= (@M - @) - (@ - &™) (2.13)
With repeated cross section data, the pararrﬁetmn be easily estimated by regressing
w, = B + Bout + Bdtime + gdtime, * out, +u, (2.14)

where «; is the productivity level of firm, out a dummy variable indicating the status of
a firm within one of the groupgjtime, a time variable being one for the period after the

outsourcing decision, and denoting an error term. The coefficient of the nattion term
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dtime * out,, which is the same as a dummy variable equal éofonthose observations in
the outsourcing group in the second period, givesomsistent estimate of expression
(2.13). Generally, it is possible to include otlentrol variable into equation (2.14) to
capture additional differences in the charactesstf both groups. Since | have already
assigned the firms to two groups by means of magghhus ensuring a high degree of

similarity in input factors, controlling for otheovariates did not change my results.

Table 2.3 shows the results of the difference-ffetence estimations both on total factor
productivity and on total factor productivity grdwt

Table 2.3: Difference-in-Difference

TFP (level) TFP (growth)
dtime -0.002 0.390
(0.004) (0.004)*
out -0.013 0.301
(0.005)* (0.005)*
dtime*out 0.274 0.076
(0.007)* (0.006)*
constant 2.443 -0.395
(0.002)* (0.004)*
R-squared 0.224 0.663

Notes: robust standard errors in parentheses
* significant at the 1% level

The coefficient of dtime*out is in the focus of énést and can be interpreted as the
average causal effect of outsourcing on performa8tee all variables are in logarithms,

the magnitudes of the coefficients are to be imttgal as percentages.

Starting to outsource causes productivity to baiSaantly higher compared to the pre-
outsourcing productivity level. It raises the awgraproductivity level by about 27
percentage points, indicating a substantial gaiefficiency. | did not expect productivity
gains of such an order but since this is the ftsidy ever, to my knowledge, which
evaluates the causal effect of the decision toooute using a difference-in-difference
approach, |1 do not have any reference results topece it with. Studies analyzing the
influence of service outsourcing intensity on tofattor productivity in a different
methodological setting, such as Gorg et al. (20089, a rise in the level of productivity
between four percent to 25 percent following a peecent increase in the outsourcing

intensity. However, their results vary consideratdypending on the estimation technique.
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Column 2 of Table 2.3 depicts the result for prdolty growth. Firms staring to
outsource exhibit an increase in the growth ratgroductivity by about 7 percentage
points in the first year of outsourcing comparedhose who have decided to keep all

production activities in-house.

2.5 Conclusion

This chapter presents one of the first attemptsgess the impact of a firm’s outsourcing
decisions on its performance. A small number oflistsl have analyzed how the impact of
the level of outsourcing intensity has a bearingr@asurements of a firm’s performance.
However, no one, to my knowledge, has explicitigntified the causal effect of starting to
outsource on the productivity level and growth diria. My focus lies on the influence of

service outsourcing, as measured by the costs tefred contract work as opposed to

material outsourcing.

| started my analysis by identifying two groups fofis based upon their outsourcing
status. | then matched to each outsourcing firmraoutsourcing partner firm similar in its
characteristics by means of “nearest-neighbor” @nsjiy score matching. The dataset so
obtained serve as the basis for separate produtctrartion estimations. | compared three
different estimation approaches, OLS, fixed effeantsl the Levinsohn-Petrin approach. |
find that the Levinsohn-Petrin estimates yield etiéint estimates for the coefficients of
labor, capital and material, which suggests tharaaalysis of total factor productivity
using OLS, or fixed effect may result in biasedireates due to endogeneity. In an
additional step, using the difference-in-differenapproach on a re-scaled dataset, |
evaluate the impact of the decision to outsourcproductivity and productivity growth.

My findings suggest that service outsourcing ctwies to a better performance of firms.
Firms that started to outsource parts of their petidn tasks to external suppliers became
on average 27 percent more productive. This isbstaatial increase in the productivity
level and an increase of this magnitude was noe@eg. The results on productivity
growth show that firms starting to outsource exhii7 percentage point higher growth

rate than firms that decide to continue all adtgitin-house.

Finally, this analysis shows that the productivitgreases in the German manufacturing

sector can be partly explained by the increaseuitsanrcing activities. Thus, policies,
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aimed at encouraging the promotion of outsourcing the creation of a strong business
service sector may be beneficial.
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Chapter 3

Outsourcing, Market Structure and
Production Technology - An Application
to the German Automobile Industry

3.1 Introduction

Outsourcing or in-house production is a fundameaéaision faced by every firm. In the
last decades, outsourcing appears to be trendimgrdp(McMillan, 1995; Abraham and
Taylor, 1996; Campa and Goldberg, 1997); many #iets/that once were performed in-

house are now outsourced to external suppffers.

In the theoretical literature, the make-or-buy diexi has received considerable attention.
The majority of studies are based on the insighssng from the application of transaction
costs theory, which compares the governance cdgisoductions within a firm with the
transaction costs of organizing production throuple market. The principal factor
responsible for differences noted among transagtioonsts is variations in asset
specificity!® Asset specificity refers to the degree to which asset can be used
alternatively without a loss in the production valibDepending on asset specificity the
transaction costs approach predicts that vertitagigration decreases with the number of
actual or potential trading partners, increaseh tie investment in sunk assets necessary
to support a type of transaction, and increaseh thié uncertainty associated with the
transaction (Williamson, 1985; Grossman and Ha®86). However, the focus on asset
specificity ignores two other important charactecss production technology and market

structure.

This chapter develops a framework that combinesghits from the neoclassical
production theory and transaction cost theory amrsitions. More particularly, | derive
two hypotheses that consider the interplay betweetsourcing, asset specificity,
production technology and market structure. | téke derived hypotheses by

'2This chapter benefits from joint research with Aeaiy Stephan.
13 See also Chapter 1, Section 1.2.
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simultaneously estimating the production technolegyl the degree of competition in
upstream and downstream markets. | choose the Geeuntomobile industry for the
empirical analysis, primarily because carmakersewary active players in restructuring

the industry by means of outsourcing.

To my knowledge this is the first approach thatlyges both, the degree of competition

and the production technology in upstream and doeas markets and relates them to
the outsourcing decision. Since industry charasties such as market structure and cost
structure are the main focus of the analysis,dhapter can hopefully contribute to explain

the cross-sectional differences in outsourcingvaigs, which have been documented by
some scholars (for example, Helper, 1991).

The chapter is organized as follows: In Sectionl|3J2rive the two main hypotheses. In
Section 3.3 | present some descriptive evidencedafide the empirical model. | describe
the dataset in Section 3.3 and present the estimedsults in Section 3.4. | conclude with
remarks about the findings in Section 3.5.

3.2 Theoretical Framework

The transaction costs theory predicts that the mpeeialized and durable the investment
associated with a given transaction (Masten, 198%), more the costs associated with
market exchange will increase. In the absence lafioa-specific investments, however,
outsourcing is the preferred organizational behawioe to significant profit incentives
and the potential for cost minimization. Outsougcadlows firms in upstream markets to
aggregate demand and benefit from economies of gcgbns, 1995) which enables them
to produce at lower marginal costs than integral@gnstream firms that produce solely

for their own needs. My first hypothesis is:

H1: When outsourcing is the preferred organizatioftam, upstream markets with low

asset specificity are characterized by increasieims to scale production technologies.

It is important to note that the cost advantagesut$ourcing closely relate to the level of
asset specificity. In other words, if the techngidgcomes more specific, the aggregation
of demands from different firms generates fewerirggas Further, the transaction cost
theory predicts that downstream firms can be lockea hold-up problems due to high
bilateral dependencies.
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The hold-up problem can only be mitigated by adangimber of firms in the upstream
markets. As Aghion et al. (2006) note, increasedpetition in the upstream markets due
to an increase in the number of firms reduces trezadl level of asset specificity. It also
improves the ex ante bargaining position of dovasstr firms and thereby minimizes their

possible hold-up costs. This leads to my seconatingsis:

H2: When outsourcing is the preferred organizatioftam, upstream markets with high

asset specificity, are characterized by a high degsf competition.

To test the two derived hypotheses | proceed iaettsteps: First, | identify the relevant
upstream sectors in the German automobile indusegond, | distinguish these sectors
according to the specificity of the supplied assetsd third, | estimate the degree of

competition and production technology for each@ect

3.3 Empirical Implementation

3.3.1 The German Automobile Industry

The German automobile industry is particularly iagting for the analysis, since it serves
as the cutting-edge example for the German ecoraswell as other European countries
in terms of organizational structures and productistrategies (Jurgens, 2004).
Outsourcing of intermediate production has beenctvenakers’ predominant strategy for
over a decade. The degree of vertical integratmeasured as the percentage of gross
value added of total value, was reduced from arddfigpercent to 18 percent between
1988 and 2006, with the most dramatic changes doguipetween the years 1995 to 1998
(Figure 3.1).
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Figure 3.1: Degree of Vertical Integration of Germa Carmakers (1995-2006)
Percentage of Gross Value Added of Total Value
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The vast majority of intermediate products are $isdpfrom three upstream sectors:
Motor and engine components, autobody and refinemdrout 18 percent of the inputs of
the inputs stem from the motor and engine compensattor* followed by the autobody
and refinement sector, which taken together accdantabout three percent of the

intermediate inputs

Since the degree of asset specificity is difficoltmeasure, | rely on anecdotal evidence.
Products supplied by the motor engine and refinénsentor are deployed in a wide
variety of automobiles. Typically, they can be usdtérnatively without a loss in the
production value. Therefore, | assume that thisosezxhibits low levels of relationship-

specific investments.

In contrast, autobodies are customized intermedgmeds that are characterized by
specific design patterns adjusted to meet the reougints of the contracting partners. |

note that every new autobody production is assediatith high relationship-specific

14 Computed as inputs received measured relativeossgroduction value. The calculation is basethen
official statistics about received goods in the ofanturing sector (Wareneingangsstatistik) compilgdhe
German Statistical Office in the year 2004.

'3 Unfortunately | am unable to calculate separateesabecause of missing disaggregated data.
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adjustment costs. Therefore, | assume that firnthigwupstream market experiences high
levels of asset specificity.

3.3.2 Estimation Approach

To test the derived hypotheses | simultaneouslynest the production technology and
level of competition from firm-level panel datapdygng an estimation approach suggested
by Klette (1999). It allows me to explicitly accdufor scale economies and the quasi-

fixity of capital. Below, | briefly sketch his appach.

My model specification starts with a simple prodoetfunction, Q, = A, F,(X,) whereQ,
and X, represent output and a vector of inputs for finma yeart, respectively. A,
denotes a firm-specific productivity factor aff(.) a time-varying part of the production

function common to all firms.

The relationship between output and inputs can ggessed in terms of logarithmic

deviations from a point of reference(Q,X,) as G, =4+ 2.@/X/, where
ioMm

4=In(Q,) -In(Q) and X =In(X,) —In(X,). Herebyz! denotes the output elasticity of
input j evaluated at a point betweex, and the point of referencé Following Klette
(1999), the output elasticitw! can also be expressed @s = 1,5/, wheres/ is the cost

WX
share of inpuf relative to total revenue, defined gs=—="—-" and x, denotes the ratio

it it

between price and marginal costs.

The elasticity of production can be expressedjas ZE“] . Thus, distinguishing between
iom

variable inputsx’ and fixed capital inputx® | write the output elasticity of capital as

c_yilf :ﬁit — Hy ZS] .

j#K
Substituting @) = 1,5, for the non-capital inputs and; =7, - i, 233 for the capital
j#K

inputs in the production functio, = &, + Y@ %! | derive the estimation equation:
joM

'8 For a discussion about the motivation behind uliegmean value theorem rather than a Taylor
approximation see Klette (1999).
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Qit = éit * 233 (f(li - )zilf)-l_ 1T 5\(|It< (3_]_)

jZK

The parameten, can be interpreted as a measure of scale elgstjgjtis the ratio of

price to marginal costs and thus quantifies theeegf competitive pressure. The tean
represents the firm’s productivity relative to derence firm. If | assume productivity
differences to be highly persistent over time, h agapresent it consisting of a time

invariant fixed effecta, and an error ternu,. Thus the estimation equation follows as:

Qit =a + U ZStj ()zd - )’lef)+,7lt)’\(llt< Uy (3_2)

jZK

To estimate the model | use an application of teedgalized Method of Moments (GMM)
estimator, proposed by Blundell and Bond (1998 T@MM estimator optimally exploits
all of the linear moment restrictions implied bypanel data model and allows to use
instrument variables to avoid a possible endoggr®ds due to productivity shocks or

errors-in-variables problems.

3.4 Data

The data used in the empirical application comesfthe German Cost Structure Census
of Manufacturing gathered and complied by the Ger8tatistical Office $tatistisches
Bundesan)t in 1995-2006. The database consists of almost odllthe German
manufacturing firms that have 500 or more employ@es the entire time span and a

representative random sample for firms with 20 oreremployees.

The Cost Structure Census contains information @at@wunumber of detailed input
categories relevant for my analysis. | use theevaligross production net of sales taxes
and subsidies as a measure for output. | exclugdedver from resale and other activities
like license fees, commissions, rents and leasinge such revenues cannot adequately be

explained in a production function framework.

Since the markup estimate is found to be sensitiide choice of input factors included
(Hyde and Perloff, 1995), | select the following smput categories: (1naterial inputs
intermediate material consumption plus commoditiegaries; (2)labor compensatian
salaries and wages plus employer's social insuracoatributions; (3) energy
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consumption (4) capital inputs capital depreciation (internal) plus rents andsés
(external), (5)other inputs other expenses/costs related to production eagsportation
services, consulting or marketing; (6xternal servicese.g., repair costs and eternal
contract work (farming out of production).

Following the estimation approach, | measure thguwuand all inputs relative to the
median value for the corresponding industry. Theliarevalue is calculated at the 6-digit
GP Guterverzeichnis fur Produktionsstatistifjerassification for each year. Furthermore,
| approximate the shares by taking the averagéiseobbserved firm and the time-industry
median value. Table 3.1 displays mean and stardkan@tions of the main variables used
in the computation.

Table 3.1: Summary Statistics

Motor &
Carmaker Engine Components Refinement Autobody
Mean St. Dev. Mean St. Dev Mean St. Dev. Mean D8v.

Revenue 19.91 2.99 17.23 1.69 16.19 1.6y 15.98 1.18
Labor 18.11 2.89 15.94 1.59 14.97 1.26 14.74 1.13
Capital 15.22 291 13.17 1.64 12.57 1.72 121 1.31
Energy 14.62 3.13 12.79 1.7 11.49 13 11.25 1.22
Material 19.26 3.13 16.25 1.99 14.4 2.51 19.26 3.14
Others 16.96 3.26 14.28 1.85 13.36 1.56 12.86 147
External 15.61 3.42 14.16 1.88 12.98 1.95 11.97 3 1.7

Obs. 247 3,855 151 782

Note: All values are in logarithms, except of thenber of observations.

3.5 Results

Table 3.2 depicts the estimation results. Let naatsiith a few comments on the
econometric specification and the test-statisticslecided to use System GMM that
combines the standard set of equations in firdexihces with lagged levels as
instruments, with an additional set of equationseiels with lagged first-differences as
instruments. Applying the System GMM estimatorsé uhe same set of instruments — one
year lagged inputs in levels and differences —efeh of the industry specific estimations.
The Hansen test of overidentifying restrictions yiies no evidence against this
specification, although the results of the Sargest are mixed. However, the usage of
Hansen is preferable since it takes possible hgeagity — a common phenomenon in case
of firm level data - into account. In the majordf/the results, the Arellano-Bond tests on

first and second order correlation reveal the etgueooutcome, namely first order
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autocorrelation exists due to the econometric $ipation while the presence of second

order autocorrelation is rejected.

Let’'s look at estimation results industry by indyst~or the carmaker | find a moderate
statistically significant markup. The downstreancttse is characterized by a highly
concentrated market, which is dominated by a feyvpbayers. Firms in this sector exhibit

constant returns to scale technologies.

Table 3.2: Estimated Price-Cost Margins and Scaled®nomies
for the Automobile Industry (System GMM)

Motor &
Engine
Carmakers Components Refinement Autobody
Markup 1.269 1.066 1.019 0.961
(0.177)* (0.034)* (0.144)* (0.115)*
Technology 0.985 0.937 1.067 0.851
(0.045)* (0.033)* (0.029)* (0.094)*
AR1 0.048 0.113 0.473 0.013
AR2 0.994 0.095 0.599 0.841
Sargan Test 137.03 (27) 158.61 (29) 36.35 (16) 204@8)
Hansen Test 22.86 (27) 39.05 (29) 12.60 (16) 2@82
Obs. 236 3564 129 703
Groups 42 795 36 221

Note: Robust standard errors in parentheses.
In the cases of the Sagran and Hansen test, theadefyfreedom is reported in parentheses.
* significant at the 1% level.

Looking at the upstream firms, the motor and engimr@aponents as well as the refinement
sector are characterized by low asset specifieitgording to the first hypothesis | expect
increasing returns to scale production technolodgresthese markets. However, the
prediction is only supported for the refinementusadly, which | find to be highly

competitive with moderate returns to scale. Thisultesuggests that firms succeed to
aggregate demand and therefore benefit from lowadtyztion costs due to economies of

scale.

In contrast, | find decreasing returns to scalehnietogies for the motor and engine
component sector, the largest upstream sectorsrimnstof input supplies and number of
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companies. One explanation for this somewhat pogziesult is that the large number of
firms in this sector hinders companies from expigitpossible production costs savings

due to low demand per firm.

The autobody, characterized by high relationshigese investments, show a price to
marginal cost ratio close to one and decreasingneto scale, which confirms my second
hypothesis. The competitive environment mitigatessgble hold-up costs due to high
bilateral dependencies. Downstream firms are innaproved bargaining situation and
therefore able to minimize transaction costs. Farrtiore, these results suggest decreasing
returns to scale production technologies in thelzady sector as a whole. | explain this by
the missing potential to benefit from aggregate aeandue to high asset specificity.

3.6 Conclusion

The aim of this chapter was to disentangle thai@rfte of industry characteristics such as
the intensity of competition or the production teclogy in an industry where outsourcing
is the predominant firm behavior. Drawing on thsigihts of both transaction costs theory
and neoclassical production theory, | derived twpdtheses about the interrelatedness of
asset specificity, the potential to benefit frompomemies of scale and the degree of
competition. Using an estimation approach suggeste#lette (1999) | find supportive
evidence for my second hypothesis that upstreamnsiniés with high asset specificity are
characterized by intensive competition. Howeveeréhs only limited evidence in favor of
my first hypothesis, predicting increasing retutasscale for upstream markets with low

asset specificity.

Yet, results are subject to caveats concerning plw@meter estimates of the GMM
approach. Parameter estimates should be interpreided appropriate caution as they
exhibit substantial variance that would theref@ise doubts on the validity and reliability

of the resuilt.
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Chapter 4

Technology Portfolio and Market Value

4.1 Introduction

Is a wide research portfolio in line with marketluea maximization? So far, empirical
research has concentrated on evaluating the ingfaR&D and patents on the market
value of a firm. Relatively little is known aboutet relationship between the composition
of the research portfolio and its valuation by fini@al markets. Efforts in answering this
question directly lead to an application of theottyeof the multiproduct firm: economies

of scope and scale in future research and produttio

In this line of theory, it is widely assumed thatoromies of scale and scope in R&D
reveal a significant impact on a firm’s innovatiperformance (Henderson and Cockburn,
1996). Firms acquire a specific knowledge base twer that is used as an input in future
research projects. This input is self-generated @mhot be provided efficiently by the
market. By taking patents as an approximation séaech output as suggested by Pakes
(1985) and grouping them into technological fieldsansfer the idea of the multiproduct
firm on the level of technologies. Knowledge serassa shareable input that is used in
research on various technologies. The innovatiaternped belong to certain fields and
provide access to corresponding technologies. @dhmological fields covered can be
summarized by a firm’s technology portfolio. | dedi the technology portfolio by the
number of technological fields a firm is engagedrésearch — which is captured by

technological diversification — and the relatednafsthese fields within the portfolio.

The technology portfolio can either be highly spézed on certain technologies or rather
broad providing access to many technologies (Leteal., 2007). Individual characteristics
of a firm’s technology portfolio determine its pot&al to make use of economies of scale
and scope in the knowledge creation process. The tfeat one can observe multi-
technology firms implies the existence of econonoiescope in the knowledge generation

process caused by internal knowledge spilloversari@rand, 1998). In contrast,

Y This chapter benefits from a joint research projéth Petra Zloczysti.
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economies of scale are mainly driven by learnirfgat$ due to higher specialization in

certain technologies (Garcia-Vega, 2006).

In this chapter, | focus on the idea that the markeéepending on technology portfolio

characteristics — values two firms with equivalemgible and intangible assets differently.
Economies of scale and scope in research and geweld influence the cost structure of a
firm and thereby current and expected future cémhst The purpose of this chapter is
twofold: first, | analyze the impact of the sizetbé portfolio on the market value of a firm
and secondly | provide evidence for the hypothesiat technological relatedness
influences the potential to make use of economiessampe. | test the suggested
relationship in an expanded Tobin’s g model comgmndividual heterogeneity. A simple

count measure and the number equivalent entropysae to capture the portfolio size.

The chapter is organized as follows: Section 4tPoduces the theoretical framework;
Section 4.3 provides the metrics used to captushnogical diversification and
relatedness; Section 4.4 describes the data soumc®sction 4.5 | present the econometric
specification while section | discusses the resimt&ection 4.6. Finally, | conclude in
Section 4.7.

4.2 Theoretical Framework

Empirical studies on the relationship between R&Md ¢he market value mainly come to
the conclusion that innovative efforts are rewardsd financial market$® Usually,
valuation equations based on a firm’s assets a@ igsanalyze the aspects of interest. The
market value encompasses those assets that indluexmected future cash flows and
profits (Connolly and Hirschey, 1988). Changeshiese assets alter the expectations about
uncertain future cash flows and hence also theepteslue of the firm’s expected entire
stream. The market value — under simplifying asdionp — should immediately react on
this and reflect the revaluation that has takerepl@redominant in the literature is the
division of assets in tangible ones like plant, ipment and inventories and intangible
assets, which are usually approximated by R&D edjteres, patent counts or patent

citations®®

'8 For a detailed survey see Hall (2000).
19 Examples for the application of various approxioma of intangible assets can be found in: Ha#let
(2005), Bloom and van Reenen (2002) and Shane bouk K1997).
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The technologies generated by the R&D process mihyence the market value in two
ways: first, the current knowledge and technologytfplio serves as an input for future
research projects and thereby determines its costtere. Inputs like researchers,
equipment and codified knowledge can be devoteseteral technological fields but at
varying costs. A widespread technology portfolioyngenerate economies of scope in
research since it will be less costly in futuretwer many fields in a firm’s portfolio when
the corresponding knowledge base already existszé?aand Willig, 1981). In contrast,
economies of scale arise due to specializationestaio technologies when firms benefit
from learning effects (Fai and von Tunzelmann, 30&kcondly, the current technology
portfolio is linked to future production technolegithat will be used to generate future
cash flows. Hence, the potential for economiescafesand scope on the innovation stage

can be taken as a signal for future production.

The main methodology to evaluate impacts on theketavalue was developed by
Griliches (1981) and is based on hedonic Tobirgsjgations™

V = g[A+ K] (4.1)

In this standard version of the value function, therket value\) is assumed to equal the
weighted sum of physicalX) and intangible knowledge assek§)( The variableq can be
interpreted as the current market valuation coefficof a firm reflecting its monopoly

position, differential risk and overall costs opdal adjustment.

| adopt the standard version of the value funciod expand it with a term capturing the
number of technological fields in the portfolio. Min this framework, the range of
activity where a firm can utilize its assets pradiely and generate future cash flows is
denoted by the variabl2, which stands for the size of the portfolio megniihe degree of
technological diversification. Furthermore, | asgurits impact may vary with the
technological relatednesR)(of fields within the portfolio. The technologicet¢latedness
captures the amount of common knowledge betweddsfiand thereby influences the

potential to make use of economies of scope:

V = QI_(A+ ”()DH(HﬁR)J: ql(A+ ”()Déhd?J (42)

20 The value function assumes constant returns fe.sca

71



with J = 63

The termdR adjusts the elasticity of the number of technalagfields with respect to the

market value by including technological relatedresd its corresponding coefficient beta.
Accordingly, the influence of the number of fieldseither reduced or enhanced by this
modification depending on the expected parametérthe model and the measure of

relatedness in use.

Based on the theoretical framework described abitneefollowing hypothesis is tested in
the empirical part of this chapter: the number exfhhological fields — the size of the
portfolio — has a negative influence on its mankae. In case of diversified firms, the
relatedness of fields has a counterbalancing inteemeaning that diversification into
highly related fields has a positive influence ba tmarket value while diversification into

unrelated ones has a negative impact. Forrfally
H:6<0 & 0>0 (4.3)

There are mainly three reasons for this hypothésss$; a firm reduces its ability to exploit
economies of scale when the composition of itsfpliwtchanges. This is linked to the idea
of ray-economies of scale developed by Baumol e{(1&88). In contrast, the benefits
generated by economies of scope depend on the ambualatedness in the portfolio
since it will be less costly to develop these t@tbgies with the existing knowledge base.
Secondly, Wernerfelt and Montgomery (1988) arguat tlransferring technological
knowledge to new fields might lead to a reductioreconomic efficiency since factors of
production contain a firm and field specific compatf? Accordingly, the rent generated
by these factors depends on the technological mésseof the current field and the new
ones. Still firms may decide to spread their ecoamntivity because of excess capacity in
their R&D department and thereby diversify evenutito they are left with a lower rent
generated by their factors of production. Thirdhe decision to diversify in technologies
can be interpreted as an indicator for the degfegsk aversion of a firm’s decision
makers. Future returns of technological improveméeing generated by cash flows from

future markets are uncertain and working in maeydf can reduce the variance of these

I The applied measure of relatedness exhibits aaatag value of zero, relatedness matters only when
being larger (positive value) or smaller (negatiatue) than expected.
2 See also Montgomery and Wernerfelt (1988).
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returns. Accordingly, the negative impact@fon q can be seen as causing a risk premium

(Mansi and Reeb, 2002).

4.3 Measurement of Technological Diversification ash
Relatedness

In order to test my hypothesis suggested aboveed no derive measures that characterize
a firm’s technology portfolio. In particular, | née count measure for the portfolio size
and an index for the degree of relatedness withénportfolio. | rely on the technology

based USPTO patent classification system to dédicienological fields.

To capture the number of fields, it is either pbksto use an unweighted count measure,
which simply sums over the areas of research &gtior to apply a weighting scheme like
the one suggested by the number equivalent entidmyr measures will be tested in the
empirical part of this chapter. The weights appliedcalculating the entropy measure
reflect the relative importance of each field (j=N)..therefore, | employ the share of the

patent countS; dedicated to each field:

PGy
Si=a=v — (4.4)
21 PG
The weighting scheme mirrors the relative sizesheftechnological fields in the firm’s
patent portfolio. It is obvious, that the entropgasure assigns a lower weight to fields
with small shares than the unweighted count mea3ine entropy of firmk’s portfolio can

be derived using the common forméfa:

E, = ZN:SJ. In[SiJ 0<E, <In(N) (4.5)

) |

In line with the theoretical model, | need a numéguivalent interpretation of the entropy
measure to obtain the adjusted number of ffélaghich is constructed by exponentiating
E.:

23 For a first application of the entropy measureitustrial economics see Jacquemin and Berry (1979)
4 The number equivalent interpretation of the entreps suggested by Baldwin et al. (2001).
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ZN:SJ- In )
NE, =e™ (%J 1< NE, <N (4.6)

The number equivalent entropy lies between 1 andwii2ch corresponds to the total
number of fields in the classification system. Omiycase of equal distribution of patents
across fields, its value will be equal to the sienfield count; otherwise it will be lower.

Hence, a firm with a number equivalent entropyieé fand actually serving seven fields is
as diversified as another firm engaged in fivedehnd having twenty percent of their

patents in each field.

Early research usually approximated technological diversificationy product
diversification. This is somewhat misleading sincechhological and product
diversification belong to different stages of thalue chain and therefore have distinct
impacts on the market value. In case of producterdification, the problem of
endogeneit} arises due to the fact that firms might eithekgee growth opportunities in
times of low profit or earn high profits becausetlo¢ir current product portfolio (Hall,
1995). Therefore, the direct measurement of teclymdd diversification provides a
suitable way to disentangle these effects by eptpits location in an earlier stage of the
value chain and the forward looking linkage to etpd future cash-flows generated by

technologies which are part of a firm’s market ealu

Besides the size of the technology portfolio, thkatedness of the fields within the firm’s
portfolio matters. The measure of technologicalteglaess applied here is based on a
method developed by Teece et al. (1994), which wgesl to determine how coherent a
company’s product portfolios is. The main assumpt®that activities being related are
more frequently combined within the same coopemnatidesta and Saviotti (2005) adapt
this approach and conduct a corresponding anabysithe patent class levél Applying

the concept to patents implies that patent clagsésbit technological relatedness if
patents are more often assigned to the same cotidnira classes than expected. Instead
of using patent classes, | conduct this analysishenlevel of technological fields to
determine their relatedness within a firm’s tecloggl portfolio.

% For instance Teece (1980).

%6 For a test of endogeneity between innovation andyzt diversification see Rodriguez-Duarte et al.
(2007).

2" A similar approach is used by Piscitello (2000) &neschi et al. (2003), where the number of firms
patenting in two or more fields is used to deteerigchnological relatedness. In contrast, Letexh. ¢2007)
compare the observed number of co-citations witlexpectation.
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Let K be the total number of patent applications beisgjgmed (to two or more patent

classes) and®, = 1in case that patertis assigned to field, and O otherwise. The total
number of patents assigned to fieldqualsC, = Zk P, . Using this notation, the number

of joint occurrences in fieldsandj can be depicted a3; = Zk P Py - This count is used

to derive my measure of relatedness. Applying iallopossible pairs | obtain a square

(NxN) matrix with typical cellJ; . SinceJ; can be effected by either an increase in the

relatedness of fieldisandj or an increase in the number of patens assignedrtp Teece

et al. suggest to compare the observed valug;ofvith its expectation. The expected

value is derived under the hypothesis of joint mndccurrences using a hypergeometric

distributiorf® for the number of patents; assigned to fieldsandj with mean

CC,
b = E(Xij = X) ZTJ (47)
and variance
K-C ) K-C
o’ =u ! ! .
ij luu( K j( K‘l] (4 8)

If the actual number of joint occurrencds in fieldsi andj exceeds its expected valug,

then the two classes are assumed to be relatedn&asure of relatedness between the two

fields is thus derived by:

_Ji T4

Oj

t

[

(4.9
Calculating the pairwise relatedness measures vferyepossible combination of fields
leads to a symmetri§N xN) relatedness matrix. This matrix is used to cateula
measure of relatedness of a firm’s technology pbaotf The derivation is conducted in two

steps: first, the weighted-average relatedn&#d-,, of field i with all other technological

fields within firmk’s portfolio is derived as:

8K denotes the populatioff;; the membership to ground Cj the sample size.
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B zj¢itij By
WAR, =<=— (4.10)
Zj#i Py

where p,; denotes the number of patents of fiknassigned to fielg. Obviously, WAR

depends on the number of fields a firm is engagetesearch. Second, | aggregate the
WAF,‘s on the firm level by weighting them with the samscheme used above to

determine the average relatedness of a firm’s wolyy portfolio:

ZWARd X Py
TG = E (4.11)

z Py
=

A positive value of TC, from equation (4.11) suggests a generally highteehess or
complementarities within the portfolio, while a ia¢ige value indicates the opposite. It is
worth mentioning in this context thafC, will vary even when the structure of the

technology portfolio remains constant in case #latedness of the fields change.

4.4 Data and Descriptives

My dataset is constructed using four different sesr first, the NBER Patent database
which contains all patents granted by the USPTOnduthe period from 1965 to 1996
including citations® | exploit this information to calculate firm spécipatent and citation
stocks using the perpetual inventory method wittbgoercent depreciation rate which is
common in the literature (Griliches and Mairess884t Hall, 1993). Secondly, firm
specific data are drawn from an updated versiothefmanufacturing sector master file
developed by Hall (1990f. The data set is constructed out of the Compustatual
Industrial Files and provides information on marketlue, book value of physical assets,
and R&D investmentd: Firm specific R&D capital stocks are calculatedngsthe

29 A detailed description is provided in Hall et @001).

% For details on variables and construction, seeltteementation by Hall (1990) on the original
Manufacturing Sector Master File 1959-1987.

31| follow Hall et al. (2005) in calculating the nkat value as the sum of the common stock, the prefe
stock, long-term debt adjusted for inflation, ahd short-term debt net of assets. Accordingly thektbvalue
is calculated as the sum of net plant and equipnm@rentories, and investments in unconsolidated
subsidiaries, intangibles, and others (all adjuftedhflation).
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perpetual inventory method as for the patent- atadiens stocks with 15% depreciation.
Third, the CUSIP match file provided by NBER Patdatabase is used to merge patent
and firm data. Fourthly, 1 add the USPTO patentssifecation system to define
technological fields. Every patent applied for he tUSPTO must have at least one
principal mandatory classification consisting ofckass and subclass. A class hereby
generally delineates one technology from the othehereas subclasses delineate
processes, structural features, and functionalfeatof the subject matter encompassed
within the scope of a class. Patents with more tranclaim receive additional mandatory
classification for all claims disclosed. The USPTalassification systems uniquely
identifies more than 500 classes and more the DB0sObclasses and therefore captures
every patented innovation in detail. To identifg ttechnological fields a firm is engaged
in research, | aggregate the classification schem42 main groups using the “Classes
within the U.S. Classification Systerf’provided by the USPTO

Combining the datasets and dropping all companigs kess than two patents in the
observation period, | end up with an unbalancecbpahl1700 firms for the years 1969 to
1995. Firms in my sample are publicly traded atAlhgerican stock exchange and belong
to the U.S. manufacturing sector. The analysisoisdacted using a sample from 1984
onwards since several important changes took pratiee U.S. legal environment in the
early 1980s which enhanced the ability of patemdérs to enforce their patents and led to
increased patent activities of companies (Hall Aiedionis, 2001). Observing this trend, |
believe that | obtain a clearer picture of the texdbgy portfolio using this time frame
since a larger amount of innovations is patentate f» data restrictions, mainly because
of the NBER CUSIP match file, the sample runs uids.

32 Classes within the U.S. classification scheme Begs 2006.
3 A table of the 42 groups is provided in Appendix 1
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Table 4.1 Summary Statistic¥'

Variable N Mean Median SD Min Max
Tobin's q 10015 2.66 1.41 5.96 0.00 132.98
R&D/Assets 10015 0.45 0.18 1.68 0.00 83.97
Patents/R&D 8247 1.08 0.55 4.30 0.00 333.338
Citations/Patents 9973 13.62 10.40 11.38 0.0Q 179.0
Number eq. Entropy 10015 4.93 3.84 3.68 1.00 20.98
Number of Fields 10015 8.10 5.00 7.88 1.00 39.00
Relatedness 8782 9.32 5.39 14.76 -35.4p 108.19

Table 4.1 displays the sample statistics for thenmariables used in my analysis for the
entire estimation period 1983-1995. On averagejheket value exceeds the book value
by a factor of 2.66. Comparing mean and median abis ¢, | observe a skewed

distribution with its median being only half of theean. The average value of the
R&D/Asset ratio shows that R&D efforts of patentiogmpanies are considerably high

compared to their assets. However, this value taghdy skewed distribution to the right.

In my sample, firms are on average engaged in eigtinological fields, when a
weighting scheme is applied; this number reduceppryoximately five fields. None of the
companies observed is active in every field. Theximam portfolio size equals 39

technologies. This number reduces to 20 when th&eu equivalent entropy is used since
some fields are of less importance.

% Both measures, the technological diversificatind the technological relatedness, are derived ubig
firm’s patent portfolio constructed as a three-y@awving window of patent applications. Yearly daiauld
generate too much noise (Nesta and Saviotti, 2806)due to the fact that technology portfolio clemgre

at least mid-term decisions, three-year moving winaf patent applications are used to depict the
technological strategy.
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Figure 4.1 Kernel Densities for Technological Divesification
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In Figure 4.1 the kernel densities of the numberivadent entropy and the unweighted
count measure are depicted to illustrate theiritigtion in my sample. The kernel density
is a non-parametric density estimator that gernagalsimple histograms by minimizing the
optimality criterion via the bandwidth, so it smbes out the contribution of each
observation. | observe that the distribution of thember equivalent entropy is more
skewed to the right than the count measure dubedlifferent weighting schemes. Most
firms cover about one to six fields within theirtguat portfolio and the share working in
more than ten fields becomes substantially smapeeially when weighting the fields

according to their relative importance.

The measure of technological relatedness ranges 4856.46 (less related as expected) to
108.19 (more related then expected). Figure 4.%vslibe estimated kernel density of the
relatedness measure derived according to the metbsctibed above. The distribution is
centered on zero with a median value of five. Retted lines denote the 25 percent
quartiles of the distribution. My results suggésittthe majority of firms exhibit a related
technology portfolio that might be an indicatiorr fa strategic alignment focusing on

expansion into related technologies.
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Figure 4.2 Kernel Densities for Technological Reladness
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4.5 Econometric Specification

Using my theoretical model as a starting point, mg\uhe book valué, to the left hand

side and taking logs of equation 4.2 derives mylimental estimation equation:
K.
In(Q.)=In(a,) + In(1+ yﬁj +6In(D,)+In(D, )R, +u, (4.12)

The deviation of Tobin’s g from unity thus deperads the ratio of intangible capital to
assets, the number of technological fields a compsrengaged in researcl(), their
relatednessR, ) and a constant denoted by the loggpfwhich captures its current market
valuation coefficient. Two different approaches present in the literature concerning the
treatment of the non-linear termin(l+yK,/A ), which affects the econometric
specification of the model. Approximating the telln(1+ yKit/At) by yK,/A,, using
In(1+ x)= x if x is small, leads to a linear specification lgh& non-linear estimator has to

be applied otherwise. The accuracy of the approtxamadepends on the magnitude of

K./A., the smaller, the better the approximation. Eveough a non-linear estimator

80



avoids committing an approximation error, it regeal major shortcoming because it
restricts me to using a pooled model and therelglenéng unobserved heterogeneity.
Firms are likely to exhibit various inter-firm défences like unmeasured capital
components, monopoly power or market charactesigtiat influence the magnitude of
their individual Tobin’s q. Some authors suggegtlypg a pooled non-linear estimator.
They argue that the high correlation between imllial effects and slowly changing R&D
intensities leads to an over- correction of R&Deef§> | argue in the opposite direction:
high correlation between individual effects and larptory variables and existing inter-
firm differences creates biased coefficient est@satinless | control for them. The tradeoff
that might occur using a linear approximation idaohg fixed effects is the risk of a bias

due to the approximation of the non-linear logamithterm.

ApproximatingIn(L+ yK, /A, ) by K, /A and definingg, by:
q, =exp(d, + m +u,) (4.13)

including time effectsd, and a firm specific componemt , leads to:
K.
n(Q,)= Vot 6In(D, )+ In(D, )R, +d, +m +u, (4.14)

Theory provides various approaches to specify tltevkedge stockk, of a firm. | follow

Hall et al. (2001, 2005) who think of the knowledgeation process as a continuum going
from R&D to patents to citations. Every step adai$hier pieces of information concerning
the value of innovations. R&D shows the commitmaind firm to innovation; patents are
taken as an indicator of inventive output and iotet indicate the extent to which those
innovations turn out to be “important” and thereforaluable to the firm (Trajtenberg,
1990; Harhoff et al., 1999). Instead of dividind @iree measures by physical assets —
which leads to the problem of collinearity in th&imation equation — ratios according to
their position in the knowledge creation process iacluded. Hence, the basic linear

estimation equation is given by:

% For instance Hall et al. (2005), Megna and Klot893) and Czarnitzki et al. (2005).
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— RnDt Paqt Citit
In(q)—[a A +/3ant+ypa§tlen(m)wln(m)a+dt+m+un (4.15)

A first look at the bivariat correlations, as shown Table 4.2, reveals the expected
positive correlation between R&D intensity, patepés R&D, citations per patents and the
logarithm of Tobin’'s . The magnitude of the coatgns of Tobin's q differs
substantially, from 35 percent with citations petgnts to three percent with patents per
R&D.

Table 4.2: Correlation Matrix

Num. equ.

Log(q) | R&D/Assets | Pat/R&D | Cit/Patents Ent. Fields
log(q) 1.00
R&D/Assets 0.28 1.00
Patents/R&D 0.03 -0.03 1.00
Citations/Patents 0.35 0.10 0.02 1.00
Number equ.
Entropy -0.19 -0.09 -0.01 -0.17 1.00
Number of Fields -0.14 -0.08 -0.01 -0.12 0.85 1.0(
Relatedness 0.19 0.17 -0.02 0.04 -0.29 -0.04

The number equivalent entropy measure and the nuailiields are negatively correlated

with the logarithm of Tobin’s g, which is in lineitlv the hypothesis of this chapter.

4.6 Results

A first impression about the relationship betwelea humber of technological fields and
the market value is gained by comparing the avecpgeer a varying number of fields.
Figure 4.3 depicts the corresponding relationshtilisplays the average Tobin’s q of
firms with approximately the same number of fieldsits portfolio. | observe that the
average ¢ being maximal for firms covering rougig to three fields.
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Figure 4.3: Average Tobin’s g and Number EquivalenEntropy>®
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The average Tobin’s g of firms with one field isy@what lower which may indicate that
the market appreciates reaching a minimum thresbibttiversification. From the second
field onwards, the average q steadily declined timti seventh field, where g is only about
half of its value compared to a firm working in tfields. The descriptive evidence in
figure 4.3 suggests a negative impact of the nurobé&chnological fields on the market

value as stated in my hypothesis.

Table 4.3 presents empirical evidence based otirtar model for the first part of my

hypothesis that the size of the technology poxfakhibits a negative impact on the
market value. Starting with the simplest approachapproximate the knowledge stock
including patents and R&D, the specification is @axged stepwise by encompassing

citations and measures of diversification.

The estimation results in columns 1 to 4 are deriusing a pooled OLS model while
columns 5 to 6 include fixed effects. All estimaisoare derived under the restriction that
Is equal to zero to test the first part of the higpsis exclusively. In columns 1 to 4, R&D,
patents and citations reveal a stable, positive saguaificant impact on the firm’s market

value.

% The number equivalent entropy is used here, bedaaisn to control for the relative importance ath
field. Rounded numbers are displayed to approximatescrete distribution.
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Table 4.3: Estimation Results withs=0

Pooled OLS Fixed Effects
log(q) 1) (2) (3) (4) (5) (6)
R&D/Assets 0.116** 0.102** 0.099** 0.089** 0.041* 040*
(3.61) (3.84) (3.83) (3.83) (2.14) (2.13)
Patents/R&D 0.009* 0.007* 0.007* 0.007* 0.005** 053
(2.28) (2.20) (2.17) (2.11) 4.77) (4.33)
Citations/Patents 0.024** 0.023** 0.020** 0.007** D 7**
(12.08) (11.80) (10.81) (3.38) (3.32)
Entropy -0.077** -0.062** -0.059**
(3.32) (2.77) (2.92)
log(Number) -0.039**
(2.99)
Chandlerl 0.230**
(3.96)
Chandler2 -0.090
(1.56)
Chandler3 0.022
(0.35)
Constant 0.746** 0.453** 0.571** 0.497** 0.703** 04B**
(29.97) (11.27) (10.38) (7.58) (15.87) (13.50)
Observations 8247 8239 8239 8239 8239 8239
R-squaretf 0.13 0.23 0.24 0.27 0.10 0.10
Number of groups 1027 1027

Notes: Heteroscedasticity-robust t-statistics ireptheses. All equations include a complete sgeaf dummies
and a dummy for non-reported R&D.

* significant at 5% level; ** significa at 1% level.

Concerning the entropy measure, which is equdieéddgarithm of the number equivalent
entropy, | find a negative and significant influenwith a coefficient of -0.07. This
corresponds to an elasticity of the weighted nundbe¢echnological fields D with respect
to the market value of minus seven percent. Heada&m with equivalent tangible and
intangible assets compared to another firm with @ugially important) field more in its
portfolio experiences a seven percent lower maviabie. The coefficients of the other
variables capturing the knowledge stock are nacadid by this expansion of the standard
model. In column 4, | include industry effects acting to segments developed by
Chandler (1994) that are based on technologicaamiycs. Even though the distinction
between high-tech, stable-tech and low-tech intessseems to be quite rough, it shows
that the coefficient of my measure of technologitiakersification is not driven by some

sort of technological fixed effect that affects ypr@ couple of industries. As expected,

37 In case of fixed effects estimation, the withirs@sared is provided.
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firms in high-tech industries experience a sigaifity higher Tobin’'s g on average. In
contrast, there is no systematic difference imtlagket value of stable-tech industries.

Statistical evidence suggests controlling for indlilal heterogeneity using fixed effects.
The corresponding estimation results are displayadlumn 5 to 6 of Table 4.3. Still, the
impact of R&D, patents and citations remains sigaiitly positive, even though the
coefficients became substantially smaller. Thedstgirops occur in case of citations per
patents and R&D per assets where the coefficiepusishalf of the size compared to the
pooled estimation results. This might be due tofélcethat a part of the R&D expenditures
remains rather stable over time which reduces Xgla@atory power in the within
regression. In column 6, | apply the logarithm e uinweighted number of technological
fields instead of the entropy measure to controtlie impact of the weighting scheme in
use. | likewise find a negative and significant anpwith a coefficient being absolutely
smaller in size. This is not surprising since thenber equivalent entropy is bounded from
above by the unweighted count measure. Hence,uhber of fields will generally be at
least as large as the corresponding weighted meashus, even though they depict the
same relationship, the coefficient of the numbefialfls is found to be smaller. The point
estimate of -0.039 implies an elasticity of theesif the technology portfolio with respect
to Tobin’s q of 3.9 percent without controlling fthe relatedness of the portfolio and
thereby neglecting to distinguish between the &ffef economies of scale and scope.
Overall, the empirical results displayed in Tabl8 #dicate that the width of a firm’s

technology portfolio has a negative effect on ierket value.

I now turn to the estimation of the full model aiatte a closer look at the composition of
the technology portfolio by introducing the measofetechnological relatedness. Since
only diversified firms can exhibit a related teclogy portfolio, the analysis is restricted to
firms being engaged in at least two technologieald$. Table 4.4 presents alternative
specifications of the fixed effects model. The pagters encompassing the knowledge
creation process remain stable compared to thd &fkects regressions of Table 4.3. All
of them exhibit a positive influence on Tobin’s gdaare mainly significant at the five

percent level. The parameters of interest are gy measure and a term interacting

entropy and technological relatedness.
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Table 4.4: Estimation Results (Full Model)

log(q) 1) (2) (3) (4)
R&D/Assets 0.039 0.039 0.037 0.041
(2.92) (2.92) (1.86) (1.96)
Patents/R&D 0.004** 0.005** 0.004** 0.005**
(5.18) (5.55) (5.19) (5.40)
Citations/Patents 0.008** 0.008** 0.008**
(3.59) (3.45) (3.49)
Entropy -0.082** -0.073**
(3.13) (2.80)
Entropy (corr.) -0.065*
(2.47)
Entropy * Relatedness 0.003** 0.003**
(2.71) (2.88)
Entropy * Relatedness (corr.) 0.003**
(3.07)
Entropy * Relatedness (p25) -0.078**
(2.77)
Entropy * Relatedness (p50) -0.075**
(2.80)
Entropy * Relatedness (p75) -0.045
(1.64)
Entropy * Relatedness (p100) -0.016
(0.47)
log (Sales) -0.058
(1.84)
Constant 0.811** 0.699** 1.009** 0.688**
(16.90) (12.34) (4.74) (13.27)
Observations 7446 7441 7441 7441
Number of group (cusip) 970 970 970 970
R-squared 0.11 0.12 0.12 0.12
Notes: Heteroscedsticity-robusstatistics in parentheses. All equations includeraplete set of year dummie
and a dummy for non-reported R&D

* significant at 5% level , ** signifemt at 1% level

In columns 1 and 2 of Table 4.4, the coefficierdflecting the number of fields are
negatively significant and of the same size congbare Table 4.3. As expected, the
coefficient of the interaction term points in theposite direction, suggesting a
counterbalancing effect in case of related techmpfmrtfolios. This is probably due to the
fact that the ability of a firm to exploit economaief scope is reduced when it extends its
technology portfolio in technological unrelatedidi® while diversifying into related areas
increases the possibility to benefit from econonukescope, which may reduce costs and

thereby increase future profits.
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Furthermore, | construct a size-corrected entrogasure by regressing the entropy and
the interaction term on the logarithm of sales atikizing the residuals since some authors
argue that diversification is mainly driven by firsize. This leaves me with the
opportunity to include sales as a further explaryatariable. Both coefficients are hardly
affected by this correction, which can be takefuaber evidence for the robustness of my
results. Further, it provides evidence on the atxseh a size effect in my analysis.

Figure 4.4 summarizes the potential parameter gatfiche elasticity of the portfolio size
with respect to the market value when adjustingtifier relatedness within the portfolio.
The calculation is based on the estimation resaltolumn 2 of Table 2.5. Evaluated at
mean relatedness, the market value is reducedfadditional field by nearly six percent.
An increase in the market value due to an additibal can only be reached in case of
highly related portfolios. Accordingly, the majgriof firms experience a discount in their
market value when enlarging their technology pdidfeeven though this discount

decreases the more related the new field is tolthenes.

Figure 4.4: Effect of Relatedness on log g
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In order to analyze the impact of diversificatiatarding to relatedness, dummy variables
are generated using the quartiles of the relatsdmessure and interacted with the entropy
measure. Firms belonging to the lowest level ohteelness, the 25 percentile, exhibit a
significantly negative impact of -0.078. This effeeduces to -0.016 for the group of
highly technological related firms, indicating thihe negative impact on the market value
diminishes as the relatedness within the portfolses. The coefficients are jointly
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significant at the one percent level and the hypsith of equality of the parameters is
rejected by the Wald-te&t

Finally, | compare the estimation results for theér approximation with the exact non-
linear specification of the model; Table 4.5 diggldhe results. The magnitudes of the
parameters belonging to the knowledge creationga®a the non-linear part are in line
with Hall, Jaffe and Trajtenberg’s estimates tleatved as my benchmark results.

Table 4.5: Estimation Results (Non Linear)

log(q) 1) ) 3 4
R&D/Assets 0.833** 0.934** 0.943* 0.735**
(8.04) (8.56) (8.14) (7.38)
Patents/R&D 0.031** 0.050** 0.046** 0.047**
(4.66) (5.74) (5.63) (5.54)
Citations/Patents 0.065** 0.079** 0.077* 0.060**
(9.64) (10.03) (9.99) (9.35)
Entropy -0.068** -0.105**
(3.05) (4.13)
Entropy * Relatedness 0.006**
(4.82)
Entropy * Relatedness (p25) -0.114** -0.105**
(4.23) (3.94)
Entropy * Relatedness (p50) -0.110** -0.094**
(4.10) (3.50)
Entropy * Relatedness (p75) -0.110** -0.079*
(3.54) (2.54)
Entropy * Relatedness (p100) -0.036 0.010
(0.89) (0.24)
Chandlerl 0.096
(1.62)
Chandler2 -0.132*
(2.23)
Chandler3 -0.015
(0.23)
Observations 8239 7441 7441 7441
R-squared 0.47 0.51 0.51 0.51

Notes: Heteroscedasticity-robust t-statisticparentheses. All equations include a completefsgtar dummies
and a dummy for non-reported R&D

* significant at 5% level; ** significamt 1% level

In contrast to the linear specification in equati4, the parameters of the non-linear
pooled model exceed those of pooled OLS and fiXéstts. The difference in the size

% The robust variance-covariance matrix has to lee wghen calculating the test statistic.
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between the parameters of the pooled OLS and paubedinear estimation is partly
caused by the linear approximation of the logaritiHfawever, one could also argue that
the pooled model overestimates the coefficientgbgring individual firm specific effects

and their correlation with the explanatory variable

As expected, the coefficients of the entropy measurd the interaction term are of the
same size as found in the linear model, presunmtaddpuse they remain unaffected by the
linear approximation. Column 3 and 4 of Table 4oBvide interaction terms for the

relatedness level. Ignoring industry specific eegenerates rather uniform coefficients of
-0.110, no matter how related the technology pbatfs. Only in case of high relatedness,
the discount reduces substantially. Controllingtemhnology segments (Chandler, 1994),
which can be taken as a first approximation of weoled heterogeneity, shows that the
higher the technological relatedness within a ptdf the larger the corresponding

counterbalancing effect. Hence, the non-linear Itesan be seen as an additional

robustness check confirming my previous results.

4.7 Conclusion

The aim of this chapter was to analyze the impéet firm’s technology portfolio on its
market value. Two concepts were used to descriivenss portfolio: the number of fields
implying the degree of technological diversificatiand the relatedness of the technologies
covered by a firm. Based on the theoretical frantewasing an expanded Tobin’s g
approach, | present evidence for a negative relslip between the number of fields and
the market value, combined with a counterbalanefigct of relatedness. Enlarging the
technology portfolio in unrelated fields negativehfluences the market value of a firm
due to the fact that it reduces the ability to expiuture economies of scale and scope. In
contrast, diversifying into related areas incredbespossibility to benefit from economies

of scope, which reduces future costs and theratrgase future profits.

My results suggest that under the objective of @ahaximization, the composition of the
research portfolio plays an important role. Thesgmbties to exploit economies of scale
and scope have to be considered while decidingkpared research activities into new
areas. A properly designed research portfolio cawehsubstantial influence on future
profits.
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Chapter 5

Innovation, R&D Efficiency and the
Impact of the Regulatory Environment —
A Two Stage Semi-Parametric DEA
Approach

5.1 Introduction

The notion of a knowledge production function istcal to endogenous growth models in
which innovation (ideas’ productivity growth) ismaain driver of sustainable long-term
growth (Porter and Stern, 2000). True innovationgantrast to imitation, becomes even
more important for productivity growth when a caynapproaches the world technology
frontier because less room is left for copying. Témapirical literature affirms the

importance of the level and dynamics of R&D expameis for economic growth (e.g.
Guellec and Van Pottelsberghe de la Potterie, 200#grefore, the efficient usage of the
scarce resources devoted to R&D becomes incregsimgportant, especially in a

globalized world. Countries are exposed to higrelewf competition in domestic and
foreign markets for innovative products and futieehnologies. This process forces
nations to continuously update their technologicababilities. Countries utilizing their

R&D resources inefficiently will be penalized withgrowth discount’

Since the resources allocated to the generatiorewfknowledge are limited, they should
be used as efficiently as possible given the lagsiitutional, organizational and legal
constraints. Hereby government policies aimed tcoerage R&D play a major role in
ensuring a sufficient level of R&D spending in thesearch process. Such policies
fostering a high level of competition by reducingriket entry barriers are likely to affect
innovation and R&D efficiency. Among others, AcsdaAudretsch (1990) and Geroski
(1991) find a positive link between the rates afrgand innovation. Studies by Baldwin
and Gorecki (1991) and Geroski (1989) document adymtivity enhancing effect of

3 This chapter benefits from a joint research proyath Astrid Cullmann and Petra Zloczysti.
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market entry on the industry level and recently idghet al. (2009) claim that entry
encourages incumbent innovation and productivigngi.

The influence of market entry on R&D efficiencytwgofold: first, high entry rates increase
the incentives to innovate and thereby the ovéeal of R&D expenditures in a country.
Market entry is often used as a vehicle for int@dg new innovations (Geroski, 1995b).
New innovative firms challenge incumbents that arere interested in protecting their
existing position than in seeking new business dppdies. Incumbents are then forced to
increase their R&D investment in order to acquiread over their rivals due to a more
competitive environment. Thus, more resources diecaaed to R&D via growing
incentives to innovate. Second, increasing competiby new entries forces firms to
improve their R&D process. In competitive markditsns are punished more severely for
being inefficient (Boone, 2008). Competitive prassinduced by entrants increases the
incentives to allocate the scarce resources ogyn@lensure survival. Thus, high entry
rates are associated with higher rates of innonatral increases in efficiency.

In light of this, the degree of governmental regjolaplays a crucial role in ensuring low
barriers to entry by altering market structures.sthict regulatory environment might
hamper the entry of new competitors, like innovatentrepreneurs, and thereby reduce
efficiency in the production and research proceddeace in my empirical analysis, | test
the hypothesis that governmental barriers to coitipetlower R&D efficiency by

distorting the incentive to innovate.

My model specification follows the “knowledge pration function” framework,
developed by Griliches (1979) and implemented bikeBaand Griliches (1984), Jaffe
(1986), and Hall and Ziedonis (2001). Accordingaoliches (1979), innovative output is
the product of knowledge generating inputs, simitathe production of physical goods.
Some observable measures of inputs, such as R&@nekpres and the number of
researchers, are invested in the knowledge pramlugirocess and directed toward
producing economically valuable knowledge. The psscis seen as a continuum leading
from R&D and human capital as inputs to some olzd#evmeasure of innovative activity.

Formally, it can be summarized using a knowledgelpction function:

|,=f(R& D, R) (5.1)
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wherel depicts innovative output, R&D denotes R&D expéundis and R is the number of
researchers engaged. The unit of observation isahetry €) level.

Innovative output as the result of knowledge praiducis hard to capture. | argue in favor
of patent applications as a measure of valuablpubudf the knowledge production
process. The use of patents as an indicator olvatihe output has without a doubt some
drawbacks. First of all, patent applications areemfcriticized as measuring just one
component of the innovative output since inventaray choose other protectionist
strategies like secrecy. Patents would thus untiera® real innovative activity. Second,
research has shown that the value of patents geskéo the right, with only some patents
being highly valuable. This observation has beestudised by numerous authors, e.g.
Scherer (1965), Pakes and Schankerman (1984), Hak&8), and Griliches (1990).
Despite this criticism, patents are probably theshimportant indicator of research output.
They are by definition related to inventiveness &daded on an objective and relatively
stable standard. Furthermore, data on patent apiplicis widely available and provides
additional information about the origin of the imier and a detailed technological
classification of the underlying invention. Thenefppatent applications are extensively

used in the literature (e.g. Hausman et al., 1984kaortum, 1997).

The empirical literature using a knowledge productiunction framework affirms the
importance of level and dynamics of research persioand R&D expenditures as input
factors. However, only recently the empirical l@emre has put more emphasis on the
efficient usage of scarce resources. The releviadies on R&D efficiency in this field
that motivated my approach are summarized in Taldle

This chapter contributes to the existing literatuwr¢he following aspects: | measure R&D
efficiency in OECD countries and consider R&D exgitures distinguishing between
public and private sources on the input side a$ aglaccounting for the possibility of
multiple inventors on the output side. In additidrstudy the impact of product market
regulation on R&D efficiency by applying a consrtdéwo stage truncated regression
approach proposed by Simar and Wilson (2007).
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Table 5.1: Literature Review of R&D Efficiency Studes

Authors Data Sets Methodology Specification Key rests
Sharma and | UNESCO Institute of | DEA approach with Inputs: R&D Japan, Republic of
Thomas, Statistics data base, | constant (CRS) as wel| expenditures, researchers, Korea, China lie on
(2008) SCI Expanded data as variable returns to | gross domestic product, | the efficiency frontier
base of the web of scale (VRS). population with CRS, Japan,
science, WIPO Output: patents granted, | Republic of Korea,
Statistics data base publications counts China, India, Sloveniq
and Hungary are
found to be efficient
with VRS
Wang and WIPO Statistics data, | DEA approach (VRS) | Inputs: R&D net capital | About half of the
Huang, MSTI data base, SCI | and second stage Tobit stock, researchers, countries are efficient
(2007) expanded data base | Regression, Three technicians, in their R&D
stage approach Output: patents granted, | activities, higher
according to Fried et | publications counts education can explain
al. (1999) Environmental Variables:| variations in R&D
like the enrollment rate of| input slacks,
tertiary education, the PC| increasing returns to
density and the English | scale for two thirds of
proficiency the countries
Wang, WIPO Statistics data, | Stochastic frontier Inputs: R&D net capital | External factors affect
(2007) MSTI data base, SCI | analysis (SFA), Battese stock, researchers, R&D achievements,
expanded data base, | and Coelli (1992, technicians, PC density and
World development 1995) specification Output: patents granted, | economic freedom
indicators, economic publications counts index have a
freedom index Environmental Variables:| significant impact on
the PC density, economic efficiency differences
freedom index, percentage
of R&D performed by the
government
Rousseau EPO Patents, Science| DEA approach with Inputs: GDP, active Switzerland was in
and citation index, CRS, different output | population and R&D 1993 the most
Rousseau, | UNITED NATIONS, and input weights expenditure efficient and effective
(1998) Statistical Yearbook, Outputs: publications and| country of Europe,
patents closely followed by
the Netherlands.
Rousseau EPO Patents, Science| DEA approach with Inputs : GDP, active DEA can be used as &
and citation index, CRS population and R&D tool to construct
Rousseau, UNITED NATIONS, expenditure performance
(1997) Statistical Yearbook, Outputs: publications and| indicators

patents

A

for governments.

The empirical analysis is conducted in two stepsstfFto measure R&D efficiency |

follow the nonparametric DEA approach and assunorestant intertemporal frontier.

Second, | analyze the influence of product markgulation on the differences in R&D

efficiencies on the country level by applying thecently developed single bootstrap

procedures proposed by Simar and Wilson (2007). uenknown serial correlation

among the estimated efficiencies, conventional @ggres for drawing inferences are

invalid.

The chapter is organized as follows: Section St@duces the methodology while Section

5.3 presents my model specification and the data Hee empirical results of the
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efficiency analysis and the truncated regressiersammarized in Section 5.4. Section 5.5
recapitulates the findings and concludes.

5.2 Efficiency Analysis with DEA

To measure the relative R&D efficiency and to pdava ranking of countries with regard
to their achieved performance | apply a conceptarfparametric efficiency analysis: the
data envelopment analysis (DER)The DEA approach assumes that decision making
units within a sample (in this case countries) haceess to the same technology of

converting a vector op inputs xJOP into a vector ofg outputsy 0 O¢ The technology

sety is defined according to Simar and Wilson (2007) as

@ ={(xy) 00" %x can producey} (5.2)

The R&D technology frontier (efficiency frontieredicts the maximum output attainable
from each input level (see Coelli et al., 2005) a&odntries may or may not be on the
frontier of this technology. A particular countrytBstance from the technology frontier
may depend on a mixture of different country spedéctors. These factors may be
exogenous, such as governmental regulatory poliares barriers to entrepreneurship,
which in turn affect performance and therefore th&tance to the frontier. Thus, the

distance from the actual input/output combinatmhie frontier of the technology st is

assumed to correspond to the inefficiency causecbbptry specific exogenous factors of
governmental regulatory policies and some unexpthistatistical noise (see Barros and
Dieke, 2008). The objective of this chapter isgeess in a first stage such inefficiency and
then investigate in a second stage its dependemcyanous indicators of the regulatory

environment in each country.

0 For a survey on the theoretical literature seep@oet al. (2004).
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5.2.1 Stage 1: Estimation of Relative R&D Efficigrigcores

In the first stage | use the Farrell/Debreu-typtpatioriented efficiency measite
TE(x',y") =max{g: (x',6y") Dy} (5.3)

6 measures the radial distance between the observgtig and the efficiency frontier.

The efficiency score is the point on the frontibakacterized by the level of outputs that
should be reached to be efficient (Simar and Wild®98). A value o® =1 indicates that
a country is fully efficient and thus is located thie efficiency frontier. As in practice the

technology sety is unobserved and | replace it with its DEA-estienésee Simar and

Wilson, 2007 and Barros and Dieke, 2008)

Calculations can be made using either an inpuntateon where the output vector is held
fixed and inputs are minimized to be efficient. @ary to the case of output-orientation
the input vector is fixed and outputs are maximizedbe efficient. | apply output
orientation since it is reasonable to assume tbahtcies aim to optimize and maximize
the research output with a given level of R&D exgisires and number of researchers. In
the variable returns to scale model, the deternunatf the efficiency score of thieth
firm in a sample oN firms is equivalent to the following optimizatideee Coelli et al.,
2005):

Y={(x y 0oy

" " (5.4)
DUYez Ve 9=1L..Q, ) X< %, = L..,P2 0D y,= Lk 1,..n}
k=1 k=1

The identified efficient countries could serve agns to help improve performance of less

efficient ones via technology transfer or detapedcess analysis.

“! Farrell (1957) originally proposed estimating protion efficiency scores in a nonparametric framéwo
He drew upon the work on activity analysis by Kogm® (1951) and Debreu (1951). Charnes et al. (1978)
and Banker et al. (1984) extended Farrell's idsaisriposing returns to scale properties.

“2 Different assumptions regarding the frontier camtade: the underlying technology determined eiblyer
constant returns to scale (CRS), (see Charnes,et%8, who first derived the DEA under CRS); gr b
variable returns to scale (VRS) which assume tbatesinefficiencies are present (see Banker etl8B4,
who first allow for VRS). To determine efficiencyeasures under the variable returns to scale (VRS)
assumption, a further convexity constrajt=1 must be considered. Within this framework coiestrof
similar sizes concerning the input requirementscarapared.
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The DEA estimator belongs to the deterministic fimmodels, which imply that all
observations are assumed to be technically att@n@hey are highly sensitive to outliers
and extreme values in the data (Simar and Wils60022007). It is therefore important to
assess ex ante if outliers in the data inapprayiainfluence the estimation of the
performance of other countries in the sample. Thapter uses the method of super-
efficiency (see Banker and Chang, 2006 and AndeaisenPeterson, 1993) to identify and
delete extreme values ex-ante. Within the supécieficy approach, decision-making
units within the efficiency frontier might obtaim aefficiency score greater than one
because the observation itself cannot be used psen (see Coelli et al., 2005) and
therefore cannot form part of its reference framtfe

5.2.2 Stage 2: Regulatory Environmental Indicatass Determinants of
Efficiency?

In addition to the relative R&D performance of OE@Duntries | assess the impact of
regulatory indicators on efficiency differences.isTinepresents an important step when
deriving policy implications with regard to a favable regulatory, competitive and
administrative environment while assuring R&D affiecy. Thus, after the determination
of the individual efficiencies in a first stageelgress in a second stage the efficiency scores
on the country specific exogenous regulatory indisa provided by the OECD (see
Section 5.3).

The econometric model is based on Simar and Wi{2007) who propose and derive a
bootstrap procedure, which permits valid inference the second-stage truncated
regression. They show that conventional approadbesdrawing inference in tobit
regressions, which have been widely applied inpst, are invalid when regressing non-
parametric DEA scores on environmental variablethénsecond stage. The inconsistency
of simple second stage tobit regressions is dumnaplicated, unknown serial correlation

among the estimated efficienci€sThe econometric model is specified as follows:

“3 According to Banker and Chang (2006) countriesioliig in a specific point in time efficiency score
larger than 1.2 are supposed to be an outlierlzrefore deleted from the sample.

4 They argue that the serial correlation arisestdue fact that perturbations of observationsdyim the
frontier will often cause changes in efficienciesimated for other observations. The semi-paramédtro-
stage model has been used already in other sewtdrapplications (see e.g., Barros and Dieke, 2008n
evaluation of airports and Barros and Peypoch, 26fi7a measurement of technical efficiency in
thermoelectric power plants).
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O
TEi :Ziﬁ+£i with i=1 n (55)

O
whereTE, represents the estimated technical average ef@ie@e on the country leveg,

a vector of country specific variables, which | egpto have an impact on the technical

efficiencies; andg the coefficients to be estimated. Both sides awnbted by unity (see
Simar and Wilson, 2007 and Barros and Dieke, 2008% ¢, is restricted by the condition
& 21-Z, 5. Therefore a truncated normal distribution &pmwith a left truncation point at
1-Z g is assumed. The truncated regression model im&sd by means of maximum

likelihood. A parametric bootstrap procedure isduge estimate standard errors and
confidence intervals for the estimated coefficie(fisr a detailed description of the

estimation algorithm see Simar and Wilson, 2007).

5.3 Model Specification and Data

The empirical DEA model is specified as followsséd on the notion of a knowledge
production function | use R&D expenditures and laipeested in R&D on the input side.
Hereby, | distinguish between R&D expenditures emed by business enterprisesy
the governmeiit and by the higher education seéfolThis differentiation provides a more
detailed picture compared to the conventional ubeaggregate R&LF because the
distribution of R&D expenditures over sources varremarkably across countries. The
importance of public vs. private R&D is country-sifie and should therefore be taken
into account when measuring R&D efficiency. Furthere, the productivity of R&D may
vary across sectors. A dollar invested in priva&DRmight increase a country’s patent
output more than a dollar invested in public R&ERgsWang, 2007). The distinction
between private and public R&D is especially usaince the question of whether these
are complements or substitutes has not yet beé&sfasabrily answered in the literature
(David et al., 2000).

Another ongoing discussion in specifying knowleggeduction is the distinction between
R&D stocks and R&D expenditures (see e.g. WangHumhg, 2007 using R&D stocks as

“SBERD in R&D terminology of MSTI.
S GOVERD in R&D terminology of MSTI.
“"HERD in R&D terminology of MSTI.
“8 GERD in R&D terminology of MSTI.
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an input). From a theoretical point of view R&D ate are preferable since they
encompass the stock of knowledge available in anauy. In practice, assumptions need
to be made for calculation due to missing data lerab. R&D stock® are built using the

perpetual inventory method suggested by Guellec \eard Pottelsberghe de la Potterie
(2001). | tested both approaches by running sepd&A linear programming for each
specification and found comparable results. Thisn@ surprising because of high
correlation between stocks and expenditures. Hérfolow a pragmatic approach and

focus on R&D expenditures.

Data on the number of researchers and R&D experditwhich serve as inputs are taken
from the Main Science Technology Indicators (MSJuplished by the OECD. Manpower
invested into R&D equals the number of researcfigrer country. Patents serve as my
indicator of inventive output. A number of applicais of DEA on research efficiency in

the past also suggested the use of scientific gafidns as an additional output (see Table
5.1). However, recent studies revealed a numberezfsurement problems inherent in the
publication counts like co-authoriffgand language bias (Rousseau and Rousseau, 1997)

and therefore reject its usage (Sharma and Thazoas).

This study analyzes R&D efficiency based on a sammpk6 OECD member countries and
and two non-member countries (Argentina, China)e TBuropean Patent Office’s
Worldwide Patent Statistical Database (PATSTAEerves as the base of information on

patent applications’

Central to my exercise is the construction of patggregates by country and year. | build
this variable by using all patent applications dilevith the European Patent Office
according to their priority date between 1995 a@@4 | focus on EPO applications since
an application to an international authority, imtast to one made to a national authority,
can be taken as a signal that the patentee beliegasvention to be of high enough value
to justify the expense of in international applicat The term priority date refers to the
date where the given invention was covered by anpdor the first time. However, this

first filing of a given invention mainly occurs #he national level and therefore the

“9In line with the literature | assume a depreciatiate of 15 percent.

0 Measured in full time equivalents.

*1 The usage of all-author publication counts term®wverestimate the output of a country due to deubl
counting when authors come from the same country.

°2\ersion 1/2008.

*3 This database, maintained by the European PatfiteOcontains all national and international pate
applications including inventors, applicants argitbocation, priority date and technological clésation.
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majority of patent applications at the EPO are sdcstage filings. Accordingly, in this
study | date patent applications using the prionitstead of the usual application date
because it is closest to the date of invention #Hred decision to apply for a patent

protecting the given invention (de RassenfossevandPottelsberghe de la Potterie, 2007).

In the event that the country of the inventor ahdttof the applicant vary, (as with
multinationals) patent applications are assignedh® country of the inventor, which
compared to the country of the applicant, is clogerthe location of invention. The
literature has until now usually considered onlg fhrst inventor’'s country of residence
(e.g. Wang, 2007; WIPO, 2008) and thereby ignoessarch cooperations across country
borders. To overcome this problem, | construct maéggregates based on all inventors’
countries of residence and compare them with thevexttional first inventor approach.

The aggregation based on multiple inventors is gotetl in two different ways:

» First, an unweighted sum over all inventors’ cowstrof residence is calculated.
This is by definition at least as large as the sidrall first inventors since patents
with more than one inventor count more than ont¢erdfore, such an aggregation
procedure might induce a bias due to double cogntin

* Second, | derive a weighted sum where all patepticgiions are assigned the
reciprocal of the number of inventor countrieshe priginal patent application as
weights, meaning that an application with threeemter countries only contributes

a third to each country’s aggregate.

Empirical testing of the correlation between thestfinventor and the multiple inventor
output measures leads to the conclusion that al & used as an approxiamtion of
inventive output and will behave rather similartie empirical application. However, in
the case of small countries the conventional finstentor approach could lead to an
underestimation of patent output when countriesargg extensively in cross-border
research cooperations. Therefore, | argue in fafowveighted patent aggregates as the

appropriate output for the DEA application.

Consistent with recent literature on research iefficy (Sharma and Thomas, 2008 and
Wang and Huang, 2007), | impose a lag structurenpats to account for the fact that
R&D efforts do not immediately lead to innovativatput (Hall et al., 1986). Therefore,
inputs are lagged by two years in the DEA applaatiThe different model specifications

summarizing the input-output combinations are piediin Table 5.2.
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Table 5.2: Model Specifications

Variables Model 1 Model 2 Model 3
Inputs

GERD °
BERD ° °

HERD ° °

GOVERD ° °

Researchers ) ° °
Outputs

Weighted Patents ° °
Unweighted Patents °

In the second stage of my analysis | evaluate itiqgact of barriers to entry caused by
regulation on R&D efficiency. The regulatory enviroent is captured using the product
market regulation indicators provided by the OEGD1P98 and 2003 (Conway et al.,
2005). These indicators focus on the regulationgchviare potentially able to reduce
competition in the areas of product markets. Infation on regulation is collected on a
guestionnaire basis aiming at specific policiesliapgpy the government. The information
on regulation in coded between 0 and 6 and incseagh the restrictiveness of regulation.
From this information a product market indicatosteyn is derived based on 16 low-level
indicators to cover various policy options. By meaf principal component analysis, the
low-level indicators are aggregated to sub-domaid domain-levels with the three

domains being

 state control (extent of government control ovesibess),
* barriers to trade and investment and

* barriers to entrepreneurship.

In my analysis about the influence of regulationR8D efficiency, | focus on the domain
barriers to entrepreneurship. In case of R&D edficy, the regulations of considerable
interest are those that influence the amount ofp=ditive pressure by raising or lowering
barriers to entry. A substantial amount of potérempetitors are entrepreneurs which are
either encouraged or deterrred from the prevalegtek of product market regulation. |
find these aspects being reflected best in thedrarto entrepreneurship domain of the

indicator (Table 5.3). In 1998, the countries vilie highest level of regulation in this area
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were France, Italy and Poland while the Czech Reptdnked highest in 2003. Nearly all
countries showed some improvement in the regulaémyironment between 1998 and
2003.

Table 5.3: Product Market Regulation: Domain Barriers to Entrepreneurship

Country 1998 2003
Australia 1.4 1.1
Belgium 1.9 1.6
Canada 1 0.8
Czech Republic 2 1.9
Denmark 1.4 1.2
Finland 2.1 1.1
France 2.8 1.6
Germany 2 1.6
Greece 2.1 1.6
Hungary 1.6 1.4
Iceland 1.8 1.6
Ireland 1.2 0.9
Italy 2.7 1.4
Japan 2.4 1.4
Korea 2.5 1.7
Mexico 2.7 2.2
Netherlands 1.9 1.6
New Zealand 1.2 1.2
Norway 1.5 1
Poland 2.8 2.3
Portugal 1.8 1.3
Slovak Republic - 1.2
Spain 2.3 1.6
Sweden 1.9 1.1
United Kingdom 1.1 0.8
United States 1.5 1.2

The domain indicator barriers to entrepreneurstipai composite indicator and is
calculated in two steps: first, the following sevienv-level indicators are derived by

summarizing the information from the questionnaires

e Licenses and permit system: reflecting rules faawiing and issuing licenses and

permits (z1),
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e Communication and simplification of rules and prhoes: reflecting
government’s communication strategy to reduce ahtnative burdens (z2),

* Administrative burdens for corporations: depictsmadstrative burdens on
corporation creation (z3),

* Administrative burdens for sole proprietor firm&picts administrative burdens on
sole proprietor firm creation (z4),

» Sector-specific administrative burdens: measuresniradtrative burdens in
transport and retail distribution (z5),

» Legal barriers: measures legal limitations on thslber of competitors (z6),

* Antitrust exemptions: measures the scope for elm@ptto competition law for

public enterprises (z7).

Second, these low-level indicators are aggregatedmbans of principal component

analysis to the three sub-domain indicators:

* Regulatory and administrative opacity: z1 and z2,
e Administrative burdens on startups: z3, z4 and z5,

» Barriers to competition: z6 and z7.

Table 5.4: Product Market Regulation: Low-Level Indicators

Indicator 1998 1998 1998 2003 2003 2003
min max mean min max mean
Licenses and permit systen 0.0 6.0 34 0.0 6.0 2.1
Communication
and simplification of rules 0.3 2.6 1.0 0.0 2.6 0.5
and procedures
Administrative burdens for
] 0.5 55 2.2 0.8 4.3 1.8
corporations
Administrative burdens for
. . 0.3 4.3 2.2 0.0 4.0 2.8
sole proprietor firms
Sector-specific administrative
0.0 4.7 1.9 0.3 4.1 1.6
burdens
Legal barriers 0.3 3.5 1.8 0.3 2.3 15
Antitrust exemptions 0.0 3.7 0.6 0.0 35 0.5

The summary statistics for the years 1998 and 2003e low-level indicators are given in

Table 5.4. In 1998, product market regulation Wia license and permit system played a
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dominant role while administrative burdens becawlatively more important in 2003.

Nevertheless, all indicators declined on averaganduhe covered period.

5.4 Empirical Results

The empirical analysis is divided into two maintgats. First, the relative R&D efficiency

is determined using DEA to identify the OECD coiedrthat perform efficiently with
respect to R&D efforts. Based on a ranking | assessitries that could serve as peers to
help improve performance of less efficient coumstrieestimate an intertemporal frontier,
more precisely a cross section pooled frontier,rele@ach observation is accounted for as a
single unit without considering any panel structafehe data. Country averages are then

calculated over the observation period.

In the second part | assess the impact of regylatord administrative opacity,
administrative burdens and barriers to competibonR&D efficiency by means of the

truncated two-stage semi parametric regressionggexpby Simar and Wilson (2007).

5.4.1 Relative R&D Efficiency

| assume output orientation, thus countries aimmixximize the R&D output resulting

from their inputs. In this context, inputs are esogus. | estimate both, the constant
returns to scale model (CRS, Charnes et al., 18@8)the variable returns to scale model
(VRS, Banker et al., 1984). Within the CRS modethnical and scale efficiency are
aggregated, whereas the VRS model measures the tpohmical efficiency. Scale

efficiency can therefore be determined by the difiee between the results obtained from
both specifications. The scale efficiency indicafesize and magnitude of the research

production process in the countries is optimal.

My sample includes East European countries likeafhl Czech Republic and Slovakia
which underwent a transition period after 1989. [€ave room for changes towards
market-oriented structures, | start my observagieriod in 1995. To ensure comparability
across countries and years, | exclude countriesv/fich less than four years are available

from my sample’ In total, | end up with 217 observations which ezpresentative for

* This is the case for Switzerland, Austria and lrakeurg, which are observed only for one and twasea
respectively.
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nonparametric estimation of relative efficiency imgans of DEA under both (VRS and
CRS) assumptions.

The underlying model for nonparametric efficienayalysis has to be robust against
outliers and extreme values in the sample. To enautonsistent and robust technology
frontier | conduct ex ante outlier detection by meaf super-efficiency analysis. | apply
the criterion outlined in Banker and Chang (20064 aefine outliers by an efficiency
score of larger than 1.2. Only two observationsawban efficiency score larger than 1.2
and are excluded from further calculatiGhdhe small amount of observations revealing
an efficiency score above 1.2 indicates that mwtfes is not spanned by a number of
unrealistic and extreme data points. Thereforelaint the frontier being robust and
consistent for the relative efficiency measuremaithe remaining countries within the

sample (214 observations).

| compare three model specifications as outline8antion 5.3 (Table 5.2). The difference
between model 1 and model 2 is the weighting schappdied when deriving the patent
aggregates. Model 1 uses weights for multiple itmenwhile model 2 involves double
counting. As expected the results are highly similae to strong correlation and a rank

correlation of about 0.97.

% The deleted observations are Iceland (1996, 1888)Slovak Republic (1996). Due to significantlyvér
efficiencies in the rest of the time period | asswhata problems for both countries in these years.
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Table 5.5: Results for Different Model Specificatias (VRS)

Model 1 Model 2 Model 3
Sweden 0.976 Sweden 0.982 Germany 0.945%
Germany 0.966 Germany 0.957 United States 0.874
United States 0.874 United States 0.883Netherland 0.699
Belgium 0.854 Iceland 0.874 Finland 0.606
Netherland 0.780 Belgium 0.870 Iceland 0.565
Finland 0.692 |Netherland 0.685 Japan 0.557
New Zealan 0.685 Ireland 0.679 Italy 0.540
Iceland 0.658 |New Zealan 0.632 Belgium 0.487
Italy 0.650 Finland 0.620 Denmark 0.483
Slovak
Ireland 0.573 |Republic 0.613 Sweden 0.464
Denmark 0.565 Japan 0.608 France 0.373
United
Japan 0.557 Hungary 0.541 Kingdom 0.331
Slovak
Republic 0.556 Italy 0.509 Ireland 0.320
France 0.400 Denmark 0.497 |New Zealan 0.314
United
Kingdom 0.379 France 0.350 [Norway 0.248
United
Hungary 0.339 |Kingdom 0.337 Hungary 0.209
Norway 0.289 Korea 0.288 Spain 0.196
Greece 0.274 |Norway 0.248 Australia 0.169
Spain 0.260 Spain 0.233 Canada 0.167
Korea 0.259 Greece 0.211 Korea 0.156
Australia 0.238 Canada 0.207 Greece 0.114
Slovak
Canada 0.202 Australia 0.205 [Republic 0.089
Czech
Portugal 0.174 Portugal 0.144 [Republic 0.079
Czech
Argentina 0.145 |Republic 0.132 Portugal 0.063
Czech
Republic 0.130 Argentina 0.127 Argentina 0.058
Poland 0.089 Poland 0.103 Poland 0.042
Mexico 0.069 Mexico 0.068 China 0.026
China 0.046 China 0.046 Mexico 0.023

The ranking of the countries only changes sliginilghe midfield (see for instance lItaly
and Ireland), which could be caused by the diffedagree of engagement in cross country

research projects and country size.

In model 3 | use aggregated R&D expenditures astinpstead of R&D expenditures by
source. Compared to the first model | find a somavdwer rank correlation (0.90) and
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slight changes in the ranking with the main differe being Sweden losing its top

position®
Table 5.6: Efficiency Scores for Model 1
According to Different Approaches (CRS, VRS, Scal&fficiency)
lAverage  Average  Average
Efficiency Efficiency Scale Returns to

Country CRS VRS efficiency scalé’
IArgentina 0.139 0.145 0.958 irs
Australia 0.237 0.238 0.996 irs
Belgium 0.839 0.854 0.982 irs
Canada 0.201 0.202 0.995 irs
China 0.046 0.046 0.994 irs
Czech Republic 0.114 0.130 0.878 irs
Denmark 0.552 0.565 0.977 irs
Finland 0.671 0.692 0.969 irs
France 0.400 0.400 1.000 crs
Germany 0.965 0.966 0.999 crs
Greece 0.258 0.274 0.943 irs
Hungary 0.324 0.339 0.957 irs
Iceland 0.369 0.658 0.561 irs
Ireland 0.441 0.573 0.770 irs
Italy 0.649 0.650 0.998 irs
Japan 0.431 0.557 0.774 drs
Korea 0.257 0.259 0.991 irs
Mexico 0.067 0.069 0.973 irs
Netherland 0.777 0.780 0.996 irs
New Zealan 0.640 0.685 0.935 irs
Norway 0.285 0.289 0.989 irs
Poland 0.087 0.089 0.978 irs
Portugal 0.163 0.174 0.936 irs
Slovak Republic 0.165 0.556 0.296 irs
Spain 0.259 0.260 0.996 irs
Sweden 0.960 0.976 0.983 drs
United Kingdom 0.375 0.379 0.989 crs
United States 0.280 0.874 0.320 drs
Mean 0.391 0.453 0.898
Median 0.305 0.389 0.978
Standard deviation 0.268 0.286 0.192

| argue in favor of model 1 since | believe thatagdjgregating the inputs provides a more
detailed picture of the research process in caestind therefore adds useful information

to the analysis. Furthermore as it is known frora literature from author publication

% Sweden is in particular efficient with respecgtivernment expenditures on R&D. Aggregating ovelCR&
by source eliminates the unique features with retspe different sources, thereby reducing Sweden’s
efficiency.

*"Returns to scale are calculated for each observati@ach point in time; Exhibiting a property ménan
five times is my criterion for determining countpecific returns to scales.
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counts, double counting of outputs overestimatéisiefcy. Hence, | prefer model 1 to
model 2. The relative R&D and scale efficiency ssoof my benchmark model 1 are
provided in Table 5.6.

The difference between the CRS and VRS scoresateticscale efficiency. Table 5.6
shows that the majority of countries are not charaed by an optimal size of the
research production process with respect to inpatation. Only Germany, France and
the United Kingdom feature constant returns toesedlile Sweden, the United States and

Japan show decreasing returns to scale.

The intertemporal frontier estimation exhibits aerage technical efficiency of 0.39 in the
CRS specification and 0.45 in the VRS specificatidhis is relatively low compared to

other empirical work. It indicates that large inefncies are present within the knowledge
production process. The low mean efficiency mighb de explained by the fact that the
sample includes low innovation intensive countrig® China or Korea from 1995

onwards. These countries only started recentlyglépatheir R&D expenditures to increase
patent output. Furthermore, the intertemporal fesns defined by the latest years in my
sample, indicating that technological progress tpikce over time. Hence, it is not

surprising that covering a larger time span loweesan efficiency.

| calculate the mean annual efficiency from 1992@064 by averaging over the individual
efficiency scores of the countries per year. Inmid make the assumption of a constant
intertemporal frontier and thereby consider thatre¢ changes of the countries’ positions
towards the estimated DEA technology frontier. Tagpects motivate this: first, | face a
small annual sample size (of less than 30 obsensti which makes it difficult to obtain
robust and meaningful results. Second, | do noehawalanced panel data set, which
prevents me from comparisons of different frontifns different years by means of e.qg.

Malmquist Indices (see Coelli et al., 2005).

Germany and Sweden are the most efficient OECD taesnin providing R&D output,

followed by the United States and smaller countlies Belgium, the Netherlands and
Finland. These countries could serve as peers lfp improve performance of the least
efficient countries. Compared to other Europeamoresy most Scandinavian countries are
located between the top third of the performanokirgy. In the case of the United States
the high performance is remarkable since EuropesdanP Data are used which usually

lead to a home bias that would benefit Europeamtt@s. Therefore | find the United
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States be one of the leading and most efficienbtas in R&D worldwide. In light of this

estimation bias, the position of Japan is also kvonentioning since its performance is
above average and it is - as expected - the lea&in country. This is probably due to
their leading role in communication and electronass well as in the R&D intensive

pharmaceutical industry.

The innovative capacity of advanced industrial ¢oas is their most important source of
prosperity and growth. Overall, my results sugdlkat a matured economic system leads
to higher R&D efficiency compared to countries Istieveloping their industry and
technology pattern. Therefore, it is not surprisithgt the red lantern goes to Poland,
Mexico and China which are characterized by a vieny capacity of knowledge
production, suggesting that they are still in thage of imitating and replicating existing
technologies, while only little effort is made onnovating at the world technology

frontier.

5.4.2 The Impact of Regulatory Environmental Fator

In the second part of my empirical analysis, | tds influence of the regulatory
environment on R&D efficiency according to the sgrarametric two-stage approach
suggested by Simar and Wilson (2007). | argue tegulation reduces competition by
raising barriers to entry and thereby lowering cetiiwe pressure and the incentives to

innovate efficiently.

My econometric model is specified as follows: | imelgy regressing output oriented VRS
efficiency scores obtained in the first stage andhb-domain level indicators (regulatory

and administrative opacity, administrative burdensstartups and barriers to competition).

O
TE = B, + B(Wz, + W,2,) + B,(W,2Z, + W,Z, +WeZg) + By (Wezg + W,Z,) +&,  (5.6)

O
TE represents the Farrell output efficiency scoresgiray from one to infinity with a

value of one revealing full efficiency. Hence, aspw@e beta-coefficient indicates an

efficiency loss caused by the corresponding vagiabl

Since the sub-domain level indicators are obtaibgdaggregating over the low level

information, | further test for specific influenaé# the low-level indicators (licenses and
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permits system, communication and simplificatiormrés and procedures, administrative
burdens for corporation, administrative burdensdole proprietor firms, sector specific

administrative burdens, legal barriers and antitexemptions).

0
TE =B, + Bz, + 3,2, + oz, + 8,2, + BsZs + B2 + 5,2, + & (5.7)

In a third step | conduct a robustness check, ifjerthe statistically significant
disaggregated indicator from the previous estinmatind test their influence in a separate

estimation.

TDEi =By + Boz, + Bz + 5,7, + & (5.8)

My estimation results are provided in Table 5.7ind that the aggregated sub-domain

indicators do not have a significant impact on Ré&fliciency as can be seen from the

bootstrapped confidence intervals. However, thimoabe interpreted as regulation being
irrelevant for innovation since these indicatorg@npass various aspects providing an
average image of barriers to entry. To obtain aend@tailed picture regarding the different

components, the effects of the aggregated indisadog disentangled by assessing their
influences separately. My estimation results sugthes three low-level indicators, namely

communication and simplification of rules and prhaess, sector specific administrative

burdens have a significant positive impact on afficy scores as shown by the

bootstrapped confidence intervals. A positive intpagplies that lowering the degree of

regulation in these specific areas lowers bartiersntry and thus significantly increases

R&D efficiency.

The low-level indicator on communication and sirfiigéition of rules and procedures
could be interpreted as summarizing stumbling kdocklated to the collection of
information on start-up requirements, the enforagnoé regulation and the treatment of
administrative burdens. Therefore, less regulatiathis field suggests an emphasis by the
government on activities that facilitate innovatiand entrepreneurship. This could be
interpreted as a relevant factor stimulating coitipetby encouraging potential entrants to
start a business.

In case of sector specific burdens, my results ssigipat specific burdens being levied on

the sector-level reduce R&D efficiency significantThis result is probably mainly driven
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by country-specific heterogeneity since it depemlshe economic importance and size of
the sectors being regulated in an economy. Thexefoimplies that competitive barriers

may play a larger role in specific sectors of thermmy.

The third low-level indicator exhibiting a signifint impact in my study covers antitrust
exemptions for public enterprises. This is not gaipg since the incentive of public
enterprises to strengthen their position by innioveits reduced when they are protected by
governmental regulations. Hence, antitrust exemptiare accompanied by lower R&D

efficiency since there is less pressure on compdaniennovate and patent efficiently.

Table 5.7: Estimation Results

Estimated

The PMR Indicators Variable  Lower bound Coefficient  Upper bound

weighted surt:
Regulatory and administrative
opacity z1+22 -7.350 2.484 8.944
IAdministrative burdens on startups z3+z4+z5 -18.018 15.152 29.311
Barriers to competition z6+27 -0.878 3.577 18.669
Licences and permits system z1 -2.396 -0.558 1.049
Communication and
simplification of rules and
procedures z2 1.986 8.446* 16.319
IAdministrative burdens for
corporation z3 -1.071 4.426 12.107
IAdministrative burdens for sole
proprietor firms z4 -12.756 -5.734 1.485
Sector specific administrative
burdens z5 1.211 7.526* 15.893
Legal barriers z6 -7.803 -3.193 2.821
IAntitrust exemptions z7 4.930 8.494* 15.011
Communication and simplification
of rules and procedures z2 2.684 13.201 24.232
Sector specific administrative
burdens z5 2.102 11.204 19.078
Antitrust exemptions z7 0.865 11.078 20.933

Notes: All estimation with constant, * significaatt 10% level

*8 The weights are taken from Conway et al. (200%5) ane derived from principal component analysis.
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The robustness check, which evaluates solely tlgmifgant low-level indicators,
corroborates my findings from the previous estioraiwith slightly larger point estimates

and confidence intervafd.

Overall, my results can be summarized as follotws:decision of potential entrants to start
a business depends considerably on their regulagaxyronment. A highly regulated
product market might dissuade people from enteaimd) thereby reduces competition and

thereby the incentive to innovate and allocateréiseurces devoted to R&D efficiently.

5.5 Conclusions

This chapter assesses the relative efficiency bfipand private R&D expenditures in the
OECD using nonparametric efficiency analysis apghea, a data envelopment analysis
(DEA) techniqgue. In times of globalization the ei@int usage of the scarce resources a
country invests in R&D becomes increasingly impottal herefore, | shed light on the
R&D efficiency differences among OECD countries atgdrelationship to a country’s

regulatory environment.

The empirical analysis is conducted in two stepsthe first stage, an intertemporal
knowledge production frontier is estimated. My fessuggest that Sweden, Germany and
the United States belong to the best performingqttas, located on or close to the world
technology frontier. These countries could servegesrs to improve efficiency for less
efficient ones. The innovative capacity of advandedustrial countries is their most
important source of prosperity and growth. Thus,rasults confirm the idea that a mature
economic system leads to higher R&D efficiency camed to countries still developing
their industry and technology pattern. The reddemtin case of R&D efficiency goes to
Mexico and China which are characterized by a Vewy rate of knowledge production,
suggesting that they are still in the phase ofatimgy and replicating existing technologies,

while only little effort is made to innovate at tiverld technology frontier.

Government policies aimed at encouraging R&D plawgagor role in ensuring a sufficient
level of R&D spending. | hypothesize that regulati,educes competition by raising
barriers to entry, thereby lowering competitive gstre and the incentives to innovate

efficiently. In the second stage of the analysiaskess the impact of the regulatory

* Due to large confidence intervals caused by thearpatric bootstrap procedure | limit myself to
interpreting the direction of the influence insteddhe size of the point estimate.
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environment on R&D efficiency, using the recentbvdloped single bootstrap procedures
developed by Simar and Wilson (2007). The regwastmvironment is described using the
indicator of product market regulation providedtbg OECD.

My estimation results show that the low-level iradars on communication and
simplification of rules and procedures, antitrugsemptions and sector specific burdens
have a significant impact, suggesting that larggrees of regulation in these fields lowers
R&D efficiency. Overall, the results confirm thegothesis that high regulation in product
markets dissuades potential entrants, especialiyegmeneurs, by imposing barriers to
entry, thereby reduces the competitive pressurexating firms, and thus lowers R&D
efficiency in the economy.
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Appendix

Appendix 1

Classes within the U.S. Classification System
December 2006

1) Superconductor Technology: Apparatus, MaterialcPse

2) Nanotechnology

3) Life and agricultural sciences and testing methods

4) Stock materials; articles (e.g., layered produiters, batteries)

5) Compositions and synthetic resins; chemical comgdsun

6) Chemical processing technologies: processes aratapp (e.g., wave energy, metallurgy,
separatory contacting)

7) Calculators, computers, or data processing systems

8) Information storage

9) Measuring, testing, precision instruments

10) Electricity, heating

11) Electro-mechanical systems

12) Electricity: subsystems, components, or elements

13) Ammunition, weapons

14) Body treatment care, adornment

15) Apparel and related arts

16) Plant and animal husbandry

17) Teaching

18) Amusement devices

19) Foods and beverages: apparatus

20) Heating, cooling

21) Buildings

22) Receptacles

23) Supports

24) Closures, partitions, panel

25) Textiles

26) Earth working and agricultural machinery

27) Check-Actuated control mechanisms

28) Dispensing

29) Material or article handling

30) Fluid handling

31) Vehicles

32) Motors, engines, pumps

33) Coating, printing, and printed material; stationdrgoks

34) Manufacturing, assembling, including some correéatniscellaneous products

35) Cutting, comminuting, and machining

36) Miscellaneous treating

37) Handling or storing sheets, webs, strands, andecabl

38) Machine elements or mechanism

39) Miscellaneous hardware

40) Tools

41) Joints and connections

42) Fastenings
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Appendix 2%°

Chandler SIC Description SIC Code
Segment*
High-Tech: 1 Electronic computing equipment 3570-3573 3575 BB/

Calculating machines excl. comp.
Refrigerating & heating equip. (comml)
Power distribution & transformers
Switchgear & switchboard apparatus
Motors, generators & industrial controls
Electronic & electric coils & connectors
Household refrigerators & freezers
Lighting fixtures & equipment

Primary & storage batteries

Engine elctrical equipment & misc
Electronic & electric connections
Electronic signaling & alarm systems
Radio & TV broadcasting sets

Radio & TV receiving sets

Records, magnetic, &optical recording
Communication equipment

Electron tubes

Semiconductors & printed circuit boardg

3578

3580-3583833589 3596
3612

3613

3600 36B21 3622 3625
3524 3677

3630 3631 3632333635 3639
3640 3641 36425 3@36317

3648

3691 3692 3693

3694 3699

3643 3644 3678

3669

3663
3651

3652 36905369

3661 3662 3669 4810 481348
3671

3672 3684333676

Electronic components, computer acc. 3670 3679
Engineering scientific instruments 381x
Measuring & controlling devices 382x
Aircraft parts & engines 3720 3721 3724 3728
Ship & boat building & repairing 373x 3795
Railroad equipment 374x
Complete guided missiles, aerospace 376X
Optical instruments & lenses 3827
Dental equipment & supplies 3843
Surg. & med. inst., appliances, & supplies 3840138842
X-ray apparatus 3844
Photographic equipment & supplies 3861
Electromedical apparatus 3845
Pharmaceuticals 283x
Opthalmic goods 3851

Stable-Tech: 2 | Industrial inorganic chemicals 281x

(long horizon) | Plastic materials & resins 282x
Paints & allied products 285x
Industrial organic chemicals 286X
Fertilizer 287x
Explosives & misc. chemicals 289x

Asphalt, roofing & misc coal/oil prods
Petroleum & refining

Steelworks, rolling & finishing mills

Iron & steel foundries

Primary metal products

Prim aluminum smiltg, reg, roll, &draw
Primary smeltg & refing (non-ferrous)
Secondary smeltg & refing (non-fer.)
Rolling, drawing, & extruding of nonferr.
Drawing & insulating of nonfer. wires

2950 29515292990 2992 2999
291x 1311 1389
331x
332x

339x

3334 3353 338355

3330 3331 23333 3339

334x

3350 338356

3357

% Source: Hall and Vopel (1997)
¢l Segments (High-, Low- and Stable-Tech) were ddrlweChandler (1994) and modified by Hall (1994).
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Nonferrous metal casting 336x

Turbines, generators, & combustion eng.  351x

Lawn, garden & farm mach. & equip. 3523 3524

Const. & mining mach. & equip. 3530 3531 3532

Oilfield machinery 3533 3534

Conveyors, ind. trucks&cranes, monoralls 3535 33867

Mach. tools, metalworking eq. & acc. 354x excl. 854

Special industrial machinery 3550 3559

Food prods & packaging machinery 3556 3565

Textile machinery 3552

Wood & paper industry machinery 3553 3554

Printing trades machinery & equip. 3555

Pumps & pumping equip. 3561 3586 3594

Ball & roller bearings 3562

Compressors, exhaust., & ventilation fapns 3563 34

General industrial machinery 3560 3568 3569 359x

Ind. high drives, changers & gears 3566

Industrial process furnace ovens 3567 3558

Scales & balances excl. laboratory 3596

General office machines 3579

Motor vehicles 3711 3713 3715 3799

Motor homes 3716 3792

Motorcycles & bicycles 3751 3790
Stable-Tech: 3 | Tires & innertubes 301x

(short horizon)

Plastic products
Unsupported plastics, films &sheets
Packing & sealing dev. & fab. rubber ne

Glass & glass products

Cement

Structural clay products

Pottery & related products
Concrete, gypsum & related prods
Abrasive asbestos & mineral wool prodg
Metal cans & containers

Cutlery & hand tools

Heating equipment & plumbing fix.
Fabricated structural metal

Screw machine products, bolts, nuts
Metal forgings, plating & coating
Wire springs & misc. metal prods.
Ordnance & accessories

Valves & pipe fittings

Perfumes & toilet prods.

Soaps & cleaning products

Motor vehicle parts & accessories

307x 3080 3084-3089
3081 3082 3083
c 3050 38632 3053 3060 3061
3069
321x 322x 323X
324x
325x
326X
327X
329x
3411 3412
342x
3430 3431 343338437 3467
344x
345x
346x 347X
3495-3499
348x
3490 3491 3492 3493 3494
2844
2840-2843
3714

Low-Tech: 4

Meat products
Dairy products
Canned & frozen foods

Processed fruits & vegetables
Breakfast cereals

Animal feed

Grain mill products

Wet corn milling

Bakery products

Sugar chocolate & cocoa prods.
Fats & oils

2010 2011 2013 2015 2016
2020 2021 2022 2023 2024 2026
2030-2032 3037 2038 2053 3091
3092
2033 2034 2035 2088 2
2043
2047 2048
2040 2041 2044 2045
2046
2050 2051 2052
2060-2067
207x

Malt & malt beverages, alcoholic bev.
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Soft drinks & flavourings
Miscellaneous preproduced food
Tobacco products

Textile mill products

Rugs

Apparel

Footwear, rubber & leather
Leather & leather products

Logging & sawmills

Millwork, veneer & plywood

Wood products

Household furniture

Office furniture

Shelving, lockers, office & store fixtures
Pulp, paper & paperboard mills
Industrial paper & paper products
Converted paper - household use
Commercial printing

Printing & publishing

Musical instruments

Sporting & athletic goods

Dolls, games & toys

Pens, pencils, & other office & artists m
Misc. manufacturing industries

Jewelry & watches
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2080 2086 2087
2090 2095 2098 2099
21xx
22xx excl. 2270 2273
22702273
23xx 3965
3021 314x
310x-313x 315x 316x 3379x
3961
241x 242X
243x 2450 2451 2452
244x 249x
251x
252x
253x 25269x
261x 262X 263x
2600 264x 2655026
267X
275x 2796
27xx excl. 275x 2796
3931
3949
3942 3944
395x
399x
3873 3910 3911 3914 3915 396x

at.
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