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Chapter 1 

Introduction 

1.1 Outsourcing and the Technology Portfolio 

A question central to industrial organization is how firms and markets might be organized 

to produce optimal output under the constraints on the firm and markets. Constraints occur 

due to a scarcity of available resources and technologies as well as environmental factors, 

such as the degree of market competition. Typically, a firm’s resources are defined as 

capital, labor, and intermediate inputs, and the production technology that determines their 

transformation into products and services. However, one important input, technical 

knowledge, has been generally neglected. Only recently is awareness growing about this 

critical factor of production (Abramowitz and David, 1996). Its impact is important for two 

reasons: first, it can help to relax constraints by improving a firm’s production process and 

second, it can influence the internal resource allocation via the development of new 

products.  

All firms desire to allocate their resources optimally to ensure the best possible 

performance. Therefore, two strategic issues must be addressed: What inputs and services 

should be produced in-house or outsourced? Should a firm concentrate its activities only in 

one technology, or across a range of technologies? 

A firm’s decision on purchasing rather producing goods mainly tackles the demand side. In 

the neoclassical theory the decision to outsource or vertically integrate activities was 

simply explained by comparing the production cost difference between internal production 

and outsourcing. However, since the choice cannot be attributed solely to production costs 

differences, other theories emerged. Transaction cost theory, mainly influenced by 

Williamson (1971), states that deciding between outsourcing and vertical integration also 

depends on understanding exchange relationships. Depending on factors such as asset 

specificity, uncertainty and market concentration, a firm can choose to outsource parts of 

its production process if the cost of producing inputs or services in-house is greater than 

subcontracting them on the market. This initial approach has been extended in the 
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literature to different firm and market characteristics (e.g. Grossman and Hart, 1986; 

Abraham and Taylor, 1996; Grossman and Helpman, 2002).  

The second strategic issue addresses the supply side. While the make-or-buy decision can 

be viewed as an attempt to wipe out efficiency losses due to transaction and production 

costs, no such clear motive exists when a firm must choose between specialization and 

diversification. Depending on the theoretical perspective, the costs and benefits of 

diversification have been discussed in the context of economies of scale and scope, risk 

diversification, excess capacity, and specific agent characteristics. Nonetheless, research 

on diversification has largely concentrated on the reasons for, and the nature of, product 

diversification (e.g., Pavitt et al., 1989; Montgomery, 1994). More recently, the question of 

diversification has been extended to the concept of a firm’s technological portfolio. Due to 

the distinct characteristics of product and technological portfolios, several arguments 

consider why firms should engage in a number of different technological fields rather than 

specialize in a single technology. Grandstad (1998) notes that technological diversification 

in general enhances the possibility of technological spillovers1 within and across firms. 

Additionally, spreading the resources might enable firms to make better use of new 

technological opportunities or evolutions (Nelson, 1959). Further, the transfer and 

application of knowledge to completely new technological fields is eased. Another 

argument to promote diversification is risk reduction: focusing on a few technologies 

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

Market conditions affect the make-or-buy decision and the alignment of the technological 

portfolio. For example, a competitive environment on input markets could cause a firm to 

increase its outsourcing due to lower transaction costs or lower input prices. Vertical 

integration might be a firm’s preferred strategy in non-competitive markets to avoid 

possible hold-up problems. A similar argument can be applied concerning the influence of 

competition on technological diversification. Competitive pressure could force a firm to 

concentrate its innovation activities on only a few related fields, to achieve optimum 

economies of scale and scope in the knowledge creation process. 

                                                 
1 The notion of technological spillover goes back to Jaffe (1986).   
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1.2 The Make-Or-Buy Decision 

The decision between outsourcing and in-house production is based on economic 

principles like costs saving considerations. Firms will allocate their limited resources to 

those activities that give them comparative advantages, while all other activities will be 

outsourced to external suppliers. However, the choice between continuing in-house 

production and outsourcing cannot solely be based on production costs differences. In a 

seminal paper Coase (1937) noted that the key to understanding vertical integration or 

outsourcing is rooted in understanding exchange relationships. Building on his insights, 

two theories of vertical integration and outsourcing emerged: the “Transaction Costs 

Economics” approach of Williamson (1975, 1985) and the “Property Right Theory” 

approach of Grossman and Hart (1986) and Hart and Moore (1990). 

The transaction cost approach examines how ex-post quasi rents depending on asset 

specificity and other factors could create hazards for long-term contractual relations when 

contracts are incomplete, and the resulting effects on deciding whether to integrate or 

outsource. The property rights theory formalizes some of the concepts of the transaction 

costs approach, focusing on how the ownership of physical assets, which confers residual 

rights of control over these assets, alters the efficiency of trading relationships (Whinston, 

2003). 

Below I give a briefly review of the leading theories, discuss their differences, and 

illustrate some of the empirical studies used to test the derived theoretical predictions. 

1.2.1 The Neoclassical View 

The neoclassical economic analysis regards any business organization as a "production 

function" that aims to maximize profits. Focusing on production costs the approach views 

production cost savings as the chief motivator for outsourcing. Predictions about the 

decision to vertical integrate or outsource activities are simply drawn from a comparison of 

production cost difference between internal and external production. Outsourcing occurs if 

outside suppliers have comparative cost advantages due to benefits from economies of 

scale, smoother production schedules, or a centralization of expertise (see survey by 

Heshmati, 2003). The approach abstracts from firm’s internal organization as well as the 

private ordering purposes of contracts. 
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1.2.2 The Transaction Cost Approach 

Noticing the shortcomings of the pure production cost driven approach transaction cost 

theory recognizes that the choice between continuing internal production and outsourcing 

cannot solely be attributed to production costs differences. The approach adopts the 

transaction as the basic unit of analysis and focuses on the economizing efforts that attend 

the organization of transaction. This includes an examination of the comparative costs of 

planning, adapting, and monitoring task complementation under alternative organizational 

structures. As mentioned, much of the development in the transaction cost theory can be 

attributed to Williamson (1971, 1975, 1985), who suggests that three transaction 

characteristics are critical: the asset specificity, the type of uncertainty and the frequency 

of transaction. I briefly describe these three types and explain the prediction that can be 

derived concerning the make-or-buy decision of a firm: 

Asset Specificity 

Asset specificity refers to the degree to which an asset can be used alternatively without a 

loss in the production value. When transactions require a particular investment in side 

specific capital, specific physical asset, specific human assets, dedicated asset or brand 

name capital, such transactions require an arrangement or mechanism to protect the 

investor. If investments are characterized by a high degree of specificity, the value of an 

asset inside and outside of the contracting relationship between firms may differ. Using 

Klein et al. (1978) terminology, “ex-post quasi-rents” may exist, because the value of trade 

within the relationship comes to exceed the value of the asset outside it. Depending on the 

degree of uncertainty and the complexity of the environment, the transaction costs of 

negotiating and enforcing contracts make it costly to specify all obligations under all 

situations in a long-term contract. Generally, it is not possible to identify all conceivable 

terms of performances for contracting parties. When contracts are incomplete and possible 

quasi-rents are present it can give rise to opportunistic behaviors. The contracting firms 

may try to extract the quasi-rents by inefficient behavior. They may threaten to dissemble 

the relationship unless certain price conditions are fulfilled (the “hold up” problem). This 

latter behavior can raise the costs of the outside relationship and reduce the efficiency of 

the trading relationship. If the costs of opportunistic behavior become large enough, it may 

motivate one of the contracting firms to bring the transaction in-house in order to mitigate 

these hazards. In summary, the transaction costs theory predicts that outsourcing is only 

desirable when the cost of asset specific investments is lower than the production costs 
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advantages and when contracts are incomplete, greater levels of quasi-rents will increase 

the likelihood of in-house production. 

Uncertainty 

In general the two sources of uncertainty are external and internal circumstances. External 

circumstances are assumed to increase uncertainty more than internal circumstances since 

they are outside the institutional framework of the firm. When firms experience high 

external uncertainty, they will probably internalize transactions to lower the transaction 

costs. 

Frequency 

When firms interact frequently, the low-cost option is to design an organizational form to 

fit the specific situation. In contrast, if transactions are made on a lower frequency, firms 

may prefer to bear the risk of opportunism and uncertainty rather than creating a new 

governance mechanism. Thus, firms would outsource low frequency transactions. An 

internalization of the transactions by firms would only be efficient for recurring 

transactions. 

Summarized, the following predictions on the decision to outsource or vertically integrate 

can be derived from the transaction cost approach: 

• Firms will prefer to outsource parts of their production or service activities where 

transactions are non-specific and do not exhibit a high level of external uncertainty. 

• In contrast, firms will decide to retain activities in-house if transactions are 

characterized by a high level of asset specificity, occur 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 recognized as giving important insight about make-

or-buy decision, it lacks a satisfactory treatment of the disadvantages of vertical 

integration. It is not clear why a firm cannot continue to integrate and perform better than 

decentralized competitors. Therefore, Grossman and Hart (1986) and Hart and Moore 

(1990) propose defining the boundaries of firms in terms of the allocation of residual 

control rights. Grossman and Hart (1986) define them as the rights that are not covered in 

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



 

 14 

about an underlying physical asset in cases of uncompleted contracts. Thus, the theory 

takes ownership of the assets as the defining characteristics of a firm: every firm can now 

be defined as a set of assets under common ownership (Holstrom and Roberts, 1998). 

The approach builds on the same premise of incomplete contracts and ex post quasi-rents 

such as the transaction costs theory. The main intuition is to explain, due to property rights 

on physical assets, how contracts are reorganized when firms become integrated or when it 

would be more cost effective to split them into separate organizational units. Whinston 

(2003) identifies three ways, in which the property rights theory can be distinguished from 

the transaction cost theory: first, from a methodological point of view, the property rights 

theory is much more formal then the largely verbal transaction costs theory; second, both 

theories focus on different phases of the contractual arrangements. The property right 

theory puts distortions in ex ante investments at the center of the analysis while the 

transaction costs theory concentrates on ex post costs of opportunistic behavior and hold 

up. Third, the transaction costs theory proposes in-house integration of transactions as a 

solution to solve the problem of costs from opportunistic behavior, and the property rights 

approach recognizes that opportunistic behavior can be present in all organizational forms.  

In the property rights model, the ownership of assets is important for each firms’ incentive 

to invest, since it determines the residual rights of control and hence the “outside option” 

or “threat point” of each party in ex-post bargaining about incomplete contracts. The 

allocation of residual rights of control to one firm strengthens its investment incentives 

while it weakens the incentives of the other. Thus, an economically efficient organizational 

form applies where the partitions of property rights are grouped into appropriate bundles 

and assigned to the transacting party most capable of efficient production. The property 

rights that comprise the bundles will be grouped so that appropriate economic incentives 

are created for the owners of each bundle. 

The main predictions of the “property right theory” on the decision to outsource vs. to 

vertical integrate parts of the production process can be summarized as follows: if two 

parties each make an investment relevant to a different dimension of the business, 

ownership should be given to just one of them (vertical integration), or the two dimensions 

of the business should be separated (outsourcing), depending on which arrangement 

minimizes the loss in surplus due to possible investment distortions. 
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Summarized, the following predictions on the decision to vertically integrate or outsource 

can be derived from the property rights approach: 

• If two parties each make and investment relevant to a different dimension of the 

business, ownership should be given to only one of them. 

• If two parties each make an investment relevant to a different dimension of the 

business, the two dimensions of the business should be separated. 

1.2.4 Empirical Evidence on Outsourcing and Vertical Integration 

Extensive research has been carried out to empirically test the predictions derived from the 

theoretical considerations described above. The main hypotheses tested are that highly 

specific assets, frequent relationships, and uncertainty push firms to internalize some 

stages of the production process. I review the relevant empirical studies on the role of 

specific assets for the make-or-buy decision.2 I restrict myself to studies on two types of 

specificity, human capital and physical assets. 

Monteverde and Teece (1982) make one of the first attempts to explain the effects of asset 

specificity, defined as the worker-specific knowledge, on the decision to produce 

components in-house or to obtain them from the market. Using data from 133 automotive 

components from an assembler, they group every part in the categories made or purchased. 

Each part is rated on a 10-point scale depending on the engineering investment from 

“none” to “a lot”. Their econometric results show that the amount of engineering efforts is 

significantly positive related to the degree of backward integration. Monteverde and Teece 

provide the empirical evidence that asset specificity is an important determinant for the 

make-or-buy decision of firms. 

Masten (1984) examines the procurement decision of large aerospace companies in the 

U.S. Building on a dataset of 1887 components, he tests the relationship between vertical 

integration into the production of components, the degree of component complexity and 

the degree to which the component are specialized to the aerospace firm. His finding of a 

positive effect of the variables on the likelihood of integration 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 products, Lieberman (1991) tests how 

demand variability and transaction costs jointly affect the level of backward integration in 

the chemical manufacturing sector. In comparison to earlier studies, he directly observes 

the integration decision on the plant and firm level. Estimating a logit model, his results 

imply that firms integrate to avoid bargaining problems. His finding also confirms the 

prediction that asset specificity measured as the investment costs of plants, increases the 

likelihood of integration compared to outsourcing. 

In a study on U.S. auto manufacturers, Masten et al. (1991) attempt to distinguish among 

types of specific assets, comparing the relative importance of relationship-specific human 

and physical assets. Human asset specificity is similarly defined after Monteverde and 

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

component. Physical asset specificity is measured as the extent to which components are 

produced with physical assets that are specific to the auto manufacturer. Estimating three 

different model specifications, the authors suggest that human asset specificity affects the 

integration more than physical specificity.  

Lyons (1995) is one of the first empirical studies to test the relationship between scale 

economies, asset specificity and the make-or-buy decision for UK firms. His is the only 

approach that incorporates the production technology into the estimation. Based on a logit 

estimation, he finds evidence in three different hypotheses derived from the transaction 

costs theory: first, inputs that require a specific production technology are usually 

produced in-house; second, inputs that require scale or scope production technologies are 

less likely to be produced in-house and third, the production technology (scale and scope) 

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

1.3 Outsourcing and Performance  

The choice between internal production and outsourcing is based on production costs and 

transaction cost. Firms assess the productivity of their in-house production and decide to 

outsource if external providers can provide comparable service more cheaply. Thus, 

outsourcing is expected to increase the productivity of firms and thereby of an industry as a 

whole. Choosing the efficient form of production may expand the share of productive 

firms and push less productive firms out of the market (Antras and Helpman, 2006). The 
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next three sections give an overview of the empirical findings on outsourcing and 

performance at both industry and firm levels. 

1.3.1 The Influence of Outsourcing on Aggregate Productivity 

One of the first studies on the productivity effect of outsourcing at the industry level is 

Siegel and Griliches (1992), who investigate whether outsourcing of services by 

manufacturing industries lead to an overstatement of manufacturing productivity growth. 

Using industry and establishment data from various sources, they only find a weak 

correlation between the acceleration of manufacturing total factor productivity and 

outsourcing of services.  

In a study that strongly builds on their results, Ten Raa and Wolf (2001) investigate the 

hypothesis that part of the recovery of U.S. manufacturing productivity growth during the 

1980s and 1990s is a consequence of the outsourcing of services from manufacturing. The 

analytical framework is based on an Inputs-Output analysis initiated by Leontief (1967). 

Ten Raa and Wolf suggest that the outsourcing of services is partly responsible for the 

recovery of the total factor productivity growth in manufacturing during the 1980s and that 

the manufacturing industries are successful at externalizing service activities exhibiting 

slow productivity growth. 

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

and productivity growth of service industries. They use a simple theoretical model to 

motivate firms’ decision that explains some of the reasons for the widening gap in 

productivity between the service and manufacturing sectors in the relative share of service 

sector employment. Their results show that outsourcing produced a short-term reduction in 

service sector productivity. They also find that productivity improvements can be expected 

if outsourcing of services by manufacturing firms subsides relative to production capacity 

in the service sector.  

Egger and Egger (2005) provide the first real insights about the role of international 

outsourcing on the productivity of low-skilled workers in EU manufacturing. 

Distinguishing between long- and short-term effects, they find a negative effect of 

outsourcing on real value added per low-skilled worker (short-term) which they attribute to 

labor market rigidities in their EU, and a positive effect of outsourcing on low-skilled labor 

productivity (long-term).  
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Amiti and Wei (2006) provide one of the first comprehensive studies that analyze the link 

between service offshoring and total factor productivity (TFP) as well as labor 

productivity. A number of studies (e.g. Feenstra and Hanson, 1996 and Amiti and Wei, 

2005) looking at the employment effects from offshoring before, do not explicitly try to 

evaluate the impact of offshoring on performance indicators like productivity. Amiti and 

Wei (2006) distinguish the influence of offshoring of services and offshoring of materials. 

Their results show that offshoring of services has a positive influence on labor productivity 

in the U.S. manufacturing industries and accounts for 10 percent of labor productivity 

increase from 1992-2000. However, their evidence on offshoring of materials is somehow 

less robust and changes according to the econometric specifications.  

1.3.2 Outsourcing and Firm Performance 

While in the 1990s most of the empirical contribution on outsourcing and offshoring 

focused on aggregate data, recent years have seen a surge in interest in productivity 

analyses at the micro level, with production establishments in the focus of attention. The 

advantage of micro level analyses is that they allow controlling for potential heterogeneity 

between firms and thus can give a more detailed insight into firm behavior. Most of the 

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

production function. Other, less frequently used performance indicators are total factor 

productivity or profits. Micro level studies can be divided according to the type of 

outsourcing: studies that distinguish between domestic and international outsourcing and 

those that concentrate on service and/or material outsourcing effects. 

1.3.2.1 Outsourcing and Productivity on the Firm Level 

Girma and Görg (2004) are among the first to analyze the effect of domestic outsourcing 

on productivity using firm data. Their work centers on firms in three specific industries of 

the U.K. manufacturing sector, namely, chemicals, mechanicals and instrument 

engineering, and electronics. In a first step they investigate the main determinants of firms’ 

outsourcing decision. Estimating separate models for each industry, they find a positive 

correlation between high wages and outsourcing, suggesting that costs-saving motivations 

play a significant role in the outsourcing decision. Foreign-owned firms exhibit higher 

levels of outsourcing than domestic firms but the authors fail to give an explanation for this 

phenomenon. In a second step, they investigate the impact of outsourcing, defined as the 
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costs of contracting out machine, engineering, and drafting services on the level and 

growth of labor and total factor productivity. There is a significant positive influence of 

outsourcing on the levels of both labor and total factor productivity of firms in the 

chemical and engineering industries. The estimations in first-differences do not yield 

strong results. 

Using a firm-level data set for the Irish electronics sector, Görg and Hanley (2005) 

investigate the effects of international outsourcing on plant-level productivity. 

International outsourcing is measured as the ratio of imported inputs to total inputs. 

Estimating a Cobb-Douglas production function, they treat the outsourcing intensity as a 

shift parameter that directly impacts the total factor productivity. Their paper provides 

evidence that international outsourcing increases productivity, although the effect only 

holds for plants with low export intensities. Görg and Hanley (2005) justify this finding as 

follows: plants with low export intensities benefit the most from outsourcing inputs on the 

international market, because it allows greater flexibility in production techniques as well 

as exposure to international best practices.  

In a similar study Görg et al. (2008), extend the analysis of Görg and Hanley (2005) to 

plants in the entire Irish manufacturing sector distinguishing between services and material 

outsourcing. Similar to Görg and Hanley (2005) they calculate an indicator of a firm’s 

propensity to outsource as the expenditure on outsourcing (either on imported services or 

material inputs) relative to the total wage bill. Using different estimation techniques in 

order to account for potential endogeneity of the outsourcing decision, they discover robust 

evidence for a positive effect of international service outsourcing on productivity. 

However, this result appears to hold only for exporters.  

Very recently Paul and Yasar (2009) evaluate the productivity and input composition 

effects of outsourcing for Turkish textile and apparel manufacturing plants. They choose a 

somewhat different approach compared to previous studies, by using three types of 

analyses: premia regressions, analysis of labor productivity levels and growth gaps, and an 

estimation of a translog production function. The choice of a flexible translog production 

function, compared to the Cobb-Douglas function framework, allows them to control for a 

full range of substitution among factor inputs as well as cross effects with national and 

international outsourcing indicators. All three analyses show that a higher share of 

imported materials and subcontracted inputs are associated with significantly greater 

performance, including higher labor and total factor productivity. Furthermore, the results 
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of the production function estimates show substitution effects between intermediate 

materials and value added inputs, implying that the more productive plants tend to 

outsource processing activities to reduce capital and labor use. 

1.3.2.2 The Effect of Outsourcing on Firms’ Profitability 

To date a very limited number of studies has investigated the effect of firms’ outsourcing 

intensities on profitability. The issue is whether firms that undertake outsourcing show a 

higher profitability as a result.  

One of the first attempts to analyze the impact of outsourcing on profitability is by Görzig 

and Stephan (2002). Using firm-level data for the German manufacturing sector, they 

measure firm performance by returns to employees and returns to sales. Three different 

measure of outsourcing are expressed relative to the total wage bill: material inputs, 

external contract work and other costs not related to production. Material inputs reflect the 

make-or-buy decision of a firm, whereas external contract work is an indicator for the 

farming out of internal production. The third variable stands as a proxy for service 

outsourcing. Nevertheless, Görzig and Stephan (2002) are not able to distinguish between 

national and international outsourcing. Applying different estimation techniques, they find 

a positive and significant effect of material outsourcing on firms’ performance; however 

outsourcing of services has a negative effect on firms’ profitability in the short-term. They 

conclude that firms tend to overestimate the cost-saving benefits accruing from 

outsourcing of external services by underestimating the associated transaction costs.  

In a closely related approach Görg and Hanley (2004) examine the relationship between 

outsourcing and profitability in the electronic sector in the Republic of Ireland. Unlike 

Görzig and Stephan (2002) they calculate their outsourcing indicators relative to value 

added, resulting in a measure of importance of bought-in intermediates in the production 

process. They are able to distinguish between raw materials and components and service 

inputs, resulting in a total of three different outsourcing indicators. Profitability is defined 

as the ratio of net profits over total output. Methodologically, they explicitly address the 

problem of a possible endogeneity of outsourcing and profitability by applying General 

Method of Moments (GMM) estimators. Their findings suggest that plants that are 

substantially larger than the mean employment size in their sample benefit from 

outsourcing material inputs, but it does not appear to be the case for small plants.  
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1.4 Methodological Issues in Estimating Total Factor 

Productivity 

Researchers interested in estimating productivity can choose from an array of different 

methodologies. Typically, most of the firm-level productivity studies focus on estimating 

labor or total factor productivity through a production function framework.3 While labor 

productivity can be calculated rather easily as the ratio of some output relative to the labor 

input measured in hours worked or labor compensation, several methodological issues 

emerge in calculating total factor productivity. Below, I will describe the different 

approaches briefly and discuss their strengths and weaknesses. I will present some possible 

solutions to improve productivity estimates proposed in the literature, without claiming to 

give a comprehensive treatment of all the issues involved. 

1.4.1 Basic Setting 

For the sake of simplicity, I will describe the different methodological issues using the 

example of a simple Cobb-Douglas type production function:  

 Yit = AitK it
β k Lit

β l  (1.1) 

where Yit  refers to some measure of output for firm i in period t, K it  is capital, Lit  labor 

and Ait  is the Hicksian neutral technology factor of the firm. Taking logs results in a linear 

production function: 

 yit = ait + βkkit + βl l it  (1.2) 

where lower-case letters refer to variables in natural logarithms. The technology factor is 

often defined as follows: 

 ait = β0 +ω it + uit  (1.3) 

                                                 
3 See Van Biesebroeck (2007) for an extensive survey discussing the advantages and drawbacks of five 
commonly used techniques to estimate total factor productivity, namely: index numbers, data envelopment 
analysis, stochastic frontiers, General Method of Moments (GMM) and semi-parametric equations. 
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consisting of a measure of mean efficiency across firms, denoted by β0, a time and firm 

specific deviation from that mean that is predictable ω it  and an error term representing 

unobservable distortions uit .  

Typically, firm-level productivity studies measure total factor productivity as the residual 

of the production function, by estimating equation (1.2) and then calculating the total 

factor productivity as follows: 

 ˆ ω it = yit − ˆ β kkit − ˆ β l l it  (1.4) 

However, there are a number of econometric problems when trying to estimate unobserved 

productivity as the residual of the production function, using the observed micro-level 

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

function (1.2) generally leads to biased estimates. Three sources of bias can be identified: 

first, input choices in the production function may depend on the unobserved productivity 

component, leading to a problem of endogeneity; second, firms can choose to exit 

production depending on their productivity level which may lead to a selection bias in the 

estimating the production function; third, in the presence of imperfect competition in the 

output market an omitted variable bias may arise when physical output measures are not 

available and researchers must thereby rely on monetary values.  

1.4.2 Simultaneity 

A central issue in the estimation of production functions is a possible correlation between 

unobservable productivity shocks and the input levels. As already noted by Marshak and 

Andrews (1994), the input levels in the production function are not chosen independently, 

but rather determined by the characteristics of the firm. At least a part of the productivity 

level will be observed by the firm at a point early enough to allow adjustment to input 

levels. Assuming profit-maximizing behavior, firms will expand their inputs in response to 

positive productivity shocks and vice versa. Thus, a simple OLS estimation of function 

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

the unobserved productivity term ω it .  

A relatively easy and common approach to solve the problem of endogeneity is the fixed 

effects estimation. This estimation technique relies on the assumption that the part of the 
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productivity influencing firm behavior, ω it , is time invariant and firm specific. Equation 

(1.2) can then be estimated in levels including firm-specific effects or in first differences, 

leading to consistent estimates. However, despite the attractive properties of this approach, 

it performs sometimes poorly in practice (Ackerberg et al., 2007).  Since it only uses the 

within-variation of the underlying unit of concerns, state variables, which only change 

slowly through time, are often underestimated. It makes it also impossible to control for 

time invariant factors. 

Blundell and Bond (1998) introduced a more flexible approach. They suggest modeling the 

productivity term of the production function (1.2) as consisting of a firm fixed effect ω i  

with an additive autoregressive component ω it = ρω it −1 +ηit  and a term capturing possible 

measurement errors uit . Inserting it into the term ait  in equation (1.2) and quasi-

differencing the resulting production function leads to a dynamic estimating equation in 

the following form: 

 yit = ρyit −1 + βl (l it − ρl it −1) + βk(kit − kit −1) +ω i + (ηit + uit − ρuit −1) (1.5) 

However, estimating equation (1.5) by OLS will still cause biased results because inputs 

will be correlated with the composite error. Blundell and Bond (1998) propose to first 

difference equation (1.5) to eliminate the fixed effects and use twice and more lagged input 

levels as instruments. Additionally, they show that under additional assumptions twice 

lagged first differences of all other variables can serve as instruments for the production 

function in levels, which can help to improve the quality of the estimation, leading to a 

system of equations. 

A mayor advantage of this procedure is its flexibility in generating instruments. Further, it 

allows for an autoregressive component to productivity, in addition to a fixed term. The 

major disadvantage is that it requires a long panel. Additionally, if the included 

instruments are weak, it can lead to considerable variation in the estimated parameters. 

Olley and Pakes (1996) suggest an estimation procedure addressing the simultaneity 

problem, without having to rely on external instruments. Building on a structural model, 

they propose to include the firm’s investment decision to proxy for the unobserved 

productivity shocks. They start with the capital accumulation equation, linking capital 

stocks and investments: 
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 kit +1 = (1−δ)kit + i it  (1.6) 

where kit denotes the capital stock, i it the current period investment and δ  a parameter 

capturing depreciation. Dividing inputs into freely variable ones e.g. labor and the state 

variable capital and productivity, they write the firm’s investment as a function of the two 

state variables: 

 i it = i it (ω it ,kit )  (1.7) 

Pakes (1994) shows that under certain assumptions a firm’s investment function is strictly 

increasing in the unobserved productivity shock and thus can be inverted: 

 ω it = ω it (kit ,i it ) (1.8) 

Using equation (1.8) the production function can be rewritten as  

 yit = βl l it + φ it (i it ,kit ) + uit  (1.9) 

where  

 φit (i it ,kit ) = β0 + βkkit +ω it (i it ,kit ) (1.10) 

Then, equation (1.9) can be estimated in two steps: in a first stage, an estimator linear in lit  

and non-parametric in φit (i it ,kit )  can be used to receive consistent parameter estimates of 

βl . Olley and Pakes propose to approximate the term φit (i it ,kit )  by a higher order 

polynomial in kit and i it  and then to use OLS.  

Since the capital variable enters φit (i it ,kit )  twice, a second step is needed to recover the 

coefficient βk . Two assumptions are needed for its identification: productivity follows a 

first-order Markov process, and capital responds to innovations only with a time lag: 

 ξit = ω it − E ω it |ω it −1[ ] (1.11) 

Subtracting labor from the left side of equation (1.9) and inserting (1.11) for ω it , it follows 

that:  

 yit
* = yit − βl l it = β0 + βkkit + E ω it |ω it −1[ ]+ ξit + uit  (1.12) 
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Regressing yit
* , obtained from the first step, on kit  and a consistent estimate of 

E ω it |ω it −1[ ] then produces consistent parameter estimates of βk . 

Levinsohn and Petrin (2003) propose a similar approach to Olley and Pakes (1996), 

although building on different instruments. Observing that only observations with positive 

investment can be used to proxy for the unobserved productivity, they argue that this may 

lead to substantial efficiency losses, depending on the underlying data set. 

Levinsohn and Petrin suggest using intermediate inputs rather than investment as a proxy. 

They argue that energy usage (fuels) and material are usually observed with a low level of 

zero inputs and thus can serve as better proxies. Under the assumptions that intermediate 

input demand depends on the state variables kit  and ω it  and providing that intermediate 

inputs are strictly increasing in ω it , the unobserved productivity term can be expressed as  

 ω it = ω it (kit ,mit )  (1.13) 

where mit stands for intermediate inputs. 

The estimation can be conducted analogously to Olley and Pakes (1996). However, 

Levinsohn and Petrin (2003) suggest using GMM for the second-step estimation. 

1.4.3 Selection 

Another central issue is the possible bias caused by panel attrition, known as the 

endogeneity of attrition, or selection bias. Many firm level datasets contain missing values 

associated to plants that enter and exit the sample. If these plants are selected in a non-

random manner, e.g., they drop out of the sample since they stop producing, this factor 

must be accounted for in the production function estimation. The traditional solution was 

to bypass the problem by constructing a “balanced panel” considering only those firms that 

operate the entire sample period. As Olley and Pakes (1996) note, when firms’ exit 

decision depends on their perceptions of their future productivity and these perceptions are 

partially determined by their current productivity, dropping them from the analysis will 

generate a selection bias in the estimates. This could be the case if plants with higher 

capital stocks are less likely to drop out since they remain unaffected by the unobserved 

negative productivity shocks.  
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Olley and Pakes (1996) suggest a method to correct for the attrition bias by including a 

fitted value for the probability of exiting the market in the production function estimation 

equation. 

Their estimation algorithm is based on a dynamic model of firm behavior that explicitly 

accounts for entry and exit decisions. At the beginning of every period an incumbent firm 

decides to exit the market or to continue operating. It is assumed to maximize the expected 

discounted value of future cash flows. Thus, its exit decision depends on its perceptions 

about the future market structure given current information. If it exits, it receives a 

particular sell-off value and never reenters. 

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

one otherwise. Firms will stay in the market if their productivity level exceeds some lower 

bound χit =1 if ω it ≥ω it
low . Thus, the expectation of E yt +1 − βl l it +1[ ] can be expressed 

conditional on the firm’s survival: 

 E yt +1 − βl l it +1 |kit +1,χit +1 =1[ ] 
= β0 + βkkit +1 + E ω it +1 |ω it ,χit +1 =1[ ] (1.14) 

Under some assumptions about the conditional density of ω it +1 Olley and Pakes show that 

the last part of the later term can be written as E ω it +1 |ω it ,χit +1 =1[ ]= g Pit ,φ it − βkkit( ) 
where Pit  denotes the survival probability of firm i at time t. Substituting (1.14) in equation 

(1.12) leads to  

 yit +1
* = yit +1 − βl l it +1 = β0 + βkkit +1 + g( ˆ P it ,

ˆ φ it − ˆ β kkit ) + ξit + uit  (1.15) 

This estimation equation controls for both simultaneity and selection bias and must be 

estimated in a two-step procedure. Variables with a hat are estimates from first stage 

regressions.  

1.4.4 Omitted Price Bias 

Typically, most firm level datasets lack any price information and quantity measures of 

output. In most of the cases, researchers must rely on industry-level price indices to deflate 

some monetary output value like sales or value added. However, if firm-level price 
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variation is correlated with input choice this can produce biased estimates of the 

parameters of the production function. As De Loecker (2007) notes, this bias will generally 

be opposite to the bias introduced by simultaneity of input choice. To circumvent the 

problem, Klette and Griliches (1996) as well as Levinsohn and Melitz (2002) suggest 

introducing an output demand equation and solving for firm-level prices. Thus, the lack of 

information on input prices is substituted by some assumptions on the demand structure. 

More recently, De Loecker (2007) propose to combine the Olley-Pakes methodology with 

an output demand system, avoiding both simultaneity bias and omitted variable bias.  

1.5 Technological Diversification and Market Value 

While the make-or-buy decision and its impact on firm performance address the input 

demand side of firms a similar question arises when a firm needs to decide about how to 

best align its business activities. It can either choose between specializing in only a few 

activities or in a wide diversity of products with different technologies. 

The diversification decision has long been a major topic in economic research.4 Depending 

on the theoretical perspective and the specific industry under study, the costs and benefits 

of diversification have been discussed in the context of economies of scale and scope, risk 

diversification, excess capacity, and specific agent characteristics. Nonetheless, research 

on diversification has largely concentrated on the reasons for, and the nature of, product 

diversification (e.g. Pavitt et al., 1989; Montgomery, 1994). Only lately is the question of 

diversification being extended to the concept of firm’s technological portfolio, defined as 

the diversification of a firm’s technological competencies. Observing that technological 

and product market diversification originate in different stages of the value change, and 

often are motivated by different reasons (Heeley and Matusik, 2004), the new literature 

concentrates on the reasons and consequences of technological diversification.  

Breschi et al. (2003) summarize some stylized facts about the distinct characteristics of 

product and technological portfolios. First, the development of a product usually needs a 

wide range of technologies. Products are becoming more and more "multi-technology" as 

are the firms that produce them. Granstrand (1998) notes that firms can often be 

characterized as multi-technology companies even when they focus on a narrow business 

line. Second, technological diversification anticipates product and market diversification as 

                                                 
4 For a survey see for example Ramunuja and Varadarajan (1989). 
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a prerequisite for production (Pavitt, 1998). Thus, technological diversification already 

contains information about the product alignment decision in a later stage. Third, 

compared to product diversification, the technology portfolio 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 technical change? Ideally, one could observe a 

direct measure on innovative outputs identified by experts or reported by firm managers. 

Unfortunately, such data is only rarely available, but there are other proxy measures that 

are closely related. Two broad indicators can be distinguished: R&D data and data on 

patent applications and their citations both have advantages and drawbacks which will be 

discussed briefly in this section. 

The longest-standing area of data collection on innovative activities is R&D. Although 

difficult to confine, most data collections on R&D have adapted the definition of the 

Frascati Manual OECD (2002) which describes “research and experimental development 

to comprise creative work undertaken on a systematic basis in order to increase the stock 

of knowledge, including knowledge of man, culture and society, and use of this stock of 

knowledge to devise new applications.”  

Several characteristics make R&D expenditures one of the most intensively used proxies 

for innovation and technical change in the literature: R&D data has been collected for a 

years; it is often classified according to multiple criteria, which makes it possible to 

distinguish between the type of research, i.e. basic or applied, and the sector of 

performance, i.e. business, government and higher education (e.g. MSTI database of the 

OECD, 2008a). A final advantage is the availability of data on different levels of 

aggregation. Firm-level R&D is often reported in census data or financial databases like 

Compustat and Amadeus, and most countries keep R&D statistics on industry as well as 

country level. However, R&D data is always constrained as an indicator for technology 

and innovation since it mainly measures the input side of the research process (Kleinknecht 

et al., 2002). 

In contrast, patents are frequently used instead (e.g., Hausman et al., 1984; Kortum, 1997; 

Teitel, 1994). They have some nice features to offer as an ideal output indicator of 

inventive activity. They are by definition related to inventiveness, they are based on an 
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objective and largely time-insensitive standard, and perhaps most critical to researchers, 

comprehensive data on patent applications is widely available. Patent statistics can be 

obtained easily since national and international patent offices have compiled patent data 

information in some cases for centuries. 

However, using patents as an indicator also has its drawbacks. Patent applications are often 

criticized for measuring just one component of the innovative process since inventors may 

choose other protection strategies, such as trade secrets. Some technologies such as 

computer software and design patterns cannot be patented in every country. Thus, the use 

of patents underestimates real innovative activity. Additionally, research (e.g., Scherer, 

1965; Pakes and Schankerman, 1984; Pakes, 1986; Griliches, 1990) shows that the value of 

patents skews right, with only a few patents being highly valuable. Because of this 

heterogeneity in the value, patent count may be a poor measure of innovative output. 

Various attempts have been made to adjust for the variation in the quality of patents. 

Schankerman and Pakes (1986) for example use patent renewable data to estimate the 

value of patent rights. In the more recent literature, patent citation data is often used to 

capture quality differences in patents (e.g., Trajtenberg, 1990; Harhoff et al. 1998).  

Trajtenberg (1990) argues that the number of times a patent is cited in subsequent patents 

is a measure of technological significance. Therefore, he suggests using a weighted patent 

count that can be calculated by multiplying each patent by the number of citations. 

Comparing this measure with simple patent counts he shows that it is a better indicator of 

the value of technological innovation in CT scanners than simple patent counts.  

1.5.2 The Technology Portfolio 

Several arguments have been put forward about why firms should engage in a number of 

different technologies. Grandstad (1998) notes that technological diversification in general 

enhances the possibility of technological spillovers within and across firms. Additionally, 

spreading the resources can enable firms to make better use of new technological 

opportunities or evolutions (Nelson, 1959). Furthermore, the transfer and application of 

knowledge to completely new technological fields is eased. Another argument is risk 

reduction; focusing on a few technologies could leave firms with the risk of technological 

lock-in (firms become trapped in their technologies) (Suzuki and Kodama, 2004). 

However, in this context the amount of relatedness encompassed by the technology 

portfolio influences the possibilities of using these advantages: the economies of scope are 
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higher the more related a firm’s technological fields (Chandler, 1990). Arguing in favor of 

a narrow technology portfolio, Garcia-Vega (2006) and Piscitello (2000) show that 

specializing in a few key technologies may cause economies of scale due to the learning 

process the firm experiences.  

Most of the early studies analyzing the impact of diversification and innovation relate 

some measure of innovation to some kind of diversification index (e.g., Herfindahl, also 

known as Herfindahl-Hirschman Index, or HHI), usually based on a product-level 

measure. The majority of these studies find some degree of correlation (e.g., Gort, 1962; 

Grabowski, 1968; Teece, 1980 and Scherer, 1984). Recognizing the distinct characteristics 

of product and technology diversification, only recently research begun to focus on the 

impact of technological diversification on firms’ innovativeness. Most of these follow the 

“knowledge production function” approach, a well-established structural framework 

developed by Griliches (1979) and implemented by Pakes and Griliches (1984), Jaffe 

(1986), Hall and Ziedonis (2001) and others. According to Griliches (1979), innovative 

output is the product of knowledge generating inputs similar to the production of physical 

goods. Inputs, such as R&D expenditures or human capital, are invested in the knowledge 

production process to generate economically valuable knowledge. Based on the notion of a 

knowledge production function, Nesta and Saviotti (2005) show for U.S. pharmaceutical 

companies that the coherence of the technological diversification contributes positive and 

significant to the innovativeness of firms. They construct a measure of technological 

relatedness, first proposed to measure the coherence of industries by Teece et al. (1994), 

and relate it to the firm’s number of patents applications. Garcia-Vega (2006) examines 

empirically the effects of the technological diversity of firms on two measures of 

innovations: the R&D intensity, measured as R&D expenditures over sales and the number 

of patents. This is the first econometric study for Europe and is conducted on a panel 

dataset of 544 firms for the years 1995-2000. She captures the degree of technological 

diversification by constructing a Herfindahl index of concentration based on a patent 

classification scheme. Her results show a statistically significant positive relationship 

between the technological diversity and the two measures of innovation at the firm level. 

Therefore, she concludes that firms appear to benefit from cross-fertilization between 

different technologies.  

In another recent paper Leten et al. (2007) examine the relationship between technological 

diversification and the innovation performance of firms in conjunction with the 
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technological coherence of their technology portfolios. Based on theoretical insights from 

the technology and innovation management literature, they find that technological 

diversification has an inverted U-shaped relationship with technological performance of 

firms. This can be explained by the tradeoff between technological cross-fertilization and 

fewer marginal benefits due to insufficient level of scale. They also find that the level of 

technological coherence of firms’ technology portfolios can have a positive moderating 

effect on the relationship between technological diversification and performance. 

1.5.3 Knowledge Capital, Technology Portfolio and Market Value 

The most common empirical approach to evaluate the impact of knowledge capital and 

technology on firm performance is to relate productivity to some kind of innovation 

measure. Similar to the studies on outsourcing described in the previous sections, 

performance is usually calculated as labor or total factor productivity (see for example 

Mairesse and Mohnen, 1995, for a survey of these studies). While this approach appears 

reasonable for evaluating the relationship of factors such as outsourcing, several 

considerations make it difficult to implement in the case of intangible assets. Hall (2000) 

identifies three reasons: a long and uncertain lag structure between spending on innovation 

and the impact on that innovation will necessitate long time series data (usually not 

available in firm datasets); when the time lag between innovations and productivity gains 

is unclear, it casts doubt on the usefulness of these studies for decision-makers; and 

measuring the returns to intangible assets requires a careful specification of the timing of 

other inputs (usually not possible in typical firm level datasets). Recognizing these caveats, 

several researchers have turned to an alternative approach that relates the returns on 

innovation to the firm’s value observed in the financial market.  Using this method avoids 

the problem of timing costs and revenues (Hall, 2000), and since the market value captures 

the discounted expected future cash flows, this approach is capable of a forward-looking 

evaluation. However, the data requirement restricts these analyses to publicly traded 

companies.  

I describe the approach briefly, using a treatment that follows Hall and Oriani (2004) and 

Czarnitzki, Hall and Oriani (2005). I then will summarize some of the influential studies, 

using stock market evaluation to assess the impact of knowledge capital.5 

                                                 
5 For an extensive survey see Hall (2000) and Czarnitzki, Hall and Oriani (2004). 
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The locus of the foundation of the market value approach is in the literature on hedonic 

price regression (Waugh, 1928; Griliches, 1961). The rationale is to view every product as 

the value of its components. Applying this idea to the firm, the market value Vit  of a 

company i at time t can be described by the value of the different assets it comprises: 

 Vit = V(Ait ,K it ,I it
1 ,...,I it

n)  (1.16) 

Here, Ait depicts the book value of the tangible assets, K it the replacement value of the 

firm’s knowledge capital, and I it
j  the replacement value of other intangible assets (j=1…n). 

Assuming an additively separable specification of the assets and ignoring the intangible 

assets for the sake of demonstration, the market value of a firm can be expressed as: 

 Vit = q(Ait +γK)σ  (1.17) 

In this standard version of the value function, the variable q can be interpreted as the 

current market valuation coefficient of a firm reflecting its monopoly position, differential 

risk, and overall costs of capital adjustment. The parameter γ depicts the relative shadow 

value of knowledge capital to tangible assets, and the parameter σ allows for non-constant 

scale effects in the value function, but is usually assumed to equal one, indicating constant 

returns to scale.  

Taking logarithms and subtracting the book value of tangible assets from both side of 

equation (1.17), leads to: 

 
logQit ≡ log

Viz

Ait

 

 
 

 

 
 = logq+ log 1+γ K it

Ait

 

 
 

 

 
  (1.18) 

where Qit  denotes Tobin’s q, which is the ratio of the market value of physical assets 

relative to their book value. The estimation of (1.18) allows one to evaluate the average 

impact of an additional unit invested in knowledge on the market value of a firm. 

From a methodological side, two different approaches are present in the literature 

concerning the treatment of the non-linear term ( )itit AKγ+1ln , which affect the 

econometric specification of the model. Approximating the term ( )itit AKγ+1ln  by 

γ K it Ait , using ln 1+ x( )= x if x is small, leads to a linear specification while a non-linear 
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estimator must be applied otherwise. The accuracy of the approximation depends on the 

magnitude of the itit AK ratio: the smaller it is, the better the approximation. 

The depicted framework serves as the basis for a variety of studies relating different 

measures of knowledge capital, e.g., R&D investment, patents, citations, etc., to the market 

value of firms. In one of the initial attempts, Griliches (1981) conducted uses Compustat 

data for 157 U.S. firms and finds that past R&D and the number of patents positively relate 

with the value of a firm measured as the book value over total assets. Following the same 

approach, Cockburn and Griliches (1991) improve the stock market’s valuation of 

knowledge capital by enhancing it with a measure of appropriability environment facing 

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

Using the Tobin’s q methodology, Hall (1993) finds that the stock market valuation of 

intangible capital created by R&D investment in the U.S. manufacturing sector falls during 

the 1980’s. She offers three possible reasons: a fall in the private rate of return to R&D; a 

more rapid depreciation in R&D capital; and a change in the risk behavior of investors that 

results in a higher discount rate of future cash flows.  

Megna and Klock (1993) analyzed the extent to which knowledge capital explains 

differences in the Tobin’s q ratio across firms in the semiconductor segment of the 

electronics industry in the U.S., and find significant firm-specific differences persisting 

after adjusting for R&D stocks and patent stocks. Compared to previous studies, they 

conclude that R&D and patent stocks appear to measure different elements of intangible 

capital.  

Noticing the variability in value across patents, a number of authors follow Trajtenberg 

(1990), by weighting the patents with the number of citations received. Shane and Klock 

(1997) test to what extend citations contribute to the explanation of the expected returns of 

a firm’s intangible capital. Based on a refinement of the dataset of Megna and Klock 

(1993), Shane and Klock provide evidence that citations contain information above and 

beyond simple patent counts on the value of semiconductor firms’ intangible assets. 

However, they notice that due to the ex post nature of citations data, the use of citations in 

estimating the current value of intangible assets may be limited.  

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

R&D, measured as the ratio of patent count stocks to R&D stocks, and the average 
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citations received by these patents, measured as the ratio of citations to patent stocks. The 

authors argue that the knowledge creation process can be viewed as a continuum from 

R&D to patents to citations. Every step adds pieces of information concerning the value of 

the innovations generated in a firm. R&D shows the commitment to innovate; patents are 

an indicator of success and citations indicate the extent to which the innovations turn out to 

be “important” and therefore valuable to the firm. Using a non-linear least squares 

estimator, they find a statistically and economically significant impact of all three 

measures of intangible capital on the market value, indicating that a more detailed 

description of the knowledge creation process can add substantially in explaining the 

market value of a firm.  

Nesta and Saviotti (2006) conducted the only study to date that connects the insight of the 

market valuation literature and the research on technological portfolios of firm. Using a 

panel of 84 firms active in biotechnology they examine the relationship between the 

characteristics of the firms’ knowledge base in terms of knowledge capital and knowledge 

integration and the firms’ stock market value. They define knowledge integration, as the 

extent of relatedness of technologies within a firm’s knowledge stock and suggest using an 

integration-adjusted knowledge stocks instead of the standard stock measures usually 

applied in the literature. Relatedness is measured as in Nesta and Saviotti (2005) by 

constructing a measure on the basis of jointly occurring patent classes. They find evidence 

that the degree of knowledge integration within firms can add significantly to the 

explanation of firms’ stock market value. This result suggests that knowledge creation is 

equally important to the way firms combine their technologies.  

1.6 Innovation and Market Structure 

A central issue in industrial research is how firms and the market should be organized to 

promote innovations. The relationship between competition and innovation has long been 

debatable. Several opposing claims exist about whether monopoly or fierce competition in 

atomistic market structures provides the best environment for the creation of new products 

and process. I next present a short survey about the empirical evidence on competition and 

innovation.  



 

 35 

1.6.1 Competition and Innovation 

According to Schumpeter (1950), the organization of firms and markets most conducive 

for an optimal allocation of resources is not necessarily the optimal organizational form to 

promote technological progress. Cohen and Levin (1989) summarize his arguments for a 

positive link between market power and innovation as follows: first, some expectation 

about ex post market power is required for firms as an incentive to engage in R&D efforts 

and second, the possession of market power per se favors innovation because it provides 

firms with the necessary internal financial resources and reduces uncertainty.  

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

innovation, although with mixed results. While some of the theoretical models tend to 

conclude that competition reduces firm’s innovation efforts, the majority of empirical 

evidence supports a positive relationship between competitive pressure and innovations 

(e.g., Porter, 1990; Geroski, 1995a; Nickell, 1996; Blundell et al., 1999). Generally, these 

studies postulate a linear relationship between some measure of innovation, most often the 

R&D intensity, and some measure of firm size or market concentration. Surveys of this 

research, e.g., Symeonidis (1996), Cohen (1995) and Scherer (1992) broadly agree that the 

statistical evidence largely fails to support the hypothesis that large firms are more active 

in innovation. Some studies extend the simple linear regression models by adding a 

quadratic term of the concentration index and find an “inverted U” shape relation, 

postulating an increase in innovative activity up to a certain level of concentration, but a 

reduction beyond that (see for example Caves and Barton, 1990 and Aghion et al., 2006). 

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

innovating but may also reduce innovation incentives for laggard firms. 

Several studies on firm- or plant-level dynamics show how it positively affects the 

innovation dynamics of an industry or country. The number of firm entries is hereby seen 

as a measure of increased competitive pressure. Market entry may affect innovation 

because high entry rates increase the incentives to innovate and thereby the level of R&D 

expenditures. Entry is often used as a vehicle for introducing new innovations (Geroski, 

1995b). New innovative firms challenge incumbents that are often more interested in 

protecting their existing position than in seeking new business opportunities. Incumbents 

are then forced to increase their R&D investment in order to acquire a lead over their rivals 

due to a more competitive environment. Thus, more resources are allocated to R&D via 
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growing incentives to innovate. Market entry also increases competition because the new 

entries force firms to improve their R&D process. In competitive markets, firms are 

punished more severely for being inefficient (Boone, 2008). Competitive pressure induced 

by entrants therefore increases the incentives to allocate the scarce resources optimally to 

ensure survival. Thus, high entry rates are associated with higher rates of innovation and 

an increase of efficiency in the research process. 

Among others, Acs and Audretsch (1990) and Geroski (1991) find a positive link between 

the rates of entry and innovation. Studies by Baldwin and Gorecki (1991) and Geroski 

(1989) document a productivity enhancing effect of market entry on the industry level and 

Aghion et al. (2009) claim that entry encourages incumbent innovation and productivity 

growth. 

1.6.2 Technology, Knowledge Production and Growth  

A large body of theoretical and empirical literature affirms the importance of innovations 

and technological change for economic growth (see e.g., Romer, 1990; Aghion and Howitt, 

1992, 1998; Guellec and Van Pottelsberghe de la Potterie, 2004). New technology and 

improved processes lead to an increase in total factor productivity and ensure economic 

growth in the long run. Understanding the determinants of innovation is crucial in order to 

sustain countries long-term growth.  

Most of the studies to date are based on the “knowledge production function” framework, 

described in the Section 1.5.2. This literature mainly confirms the importance of research 

personnel and R&D capital to the knowledge creation process; less attention has been paid 

to the importance of the efficient use of scarce resources in this process. 

In a globalized world, countries are exposed to high levels of competition in domestic and 

foreign markets for innovative products and future technologies forcing them to 

continuously update their technological capabilities. Therefore, the efficient usage of the 

scarce resources devoted to R&D becomes increasingly important. Countries utilizing 

R&D resources inefficiently will be penalized with a growth discount.  

Only recently a new body of literature has emerged, that puts the efficiency of the research 

process at the center of interest. Recognizing the difficulties in modeling the knowledge 

production process, most of these studies apply the non-parametric data-envelopment 
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analysis (DEA) to assess the research efficiency of firms or countries. The DEA method is 

well-suited to measure R&D performance for several reasons (Wang and Huang, 2007). It 

requires no specification of the functional form of the knowledge production process nor 

does it need any a priori information concerning the importance of inputs and outputs. I 

give a brief summary about the relevant studies in the next section. 

1.6.3 The Concept of Research Efficiency 

Rousseau and Rousseau (1997, 1998) are the first to use a DEA approach to assess the 

relative efficiency of the R&D process. Using a sample of 18 developed countries, they 

apply an input-oriented, constant return to scale model with two outputs: the number of 

scientific publications and the number of granted patents at the European Patent Office 

(EPO), and use three inputs: GDP, population and R&D investment, as input factors. They 

find Switzerland is the most efficient country in Europe in 1993, followed closely by the 

Netherlands. They next extend their work by including Australia, Canada, Japan and the 

U.S. With the caveat that the findings could contain some bias due to using European 

Patent Office (EPO) patent applications for the non-European countries, they reaffirmed 

the prior conclusion that Switzerland and the Netherlands have the highest research 

efficiency. 

Lee and Park (2005) measure R&D efficiency in 27 countries with a special emphasis on 

Asia. They expand Rousseau and Rousseau’s (1997, 1998) basic framework by using the 

technology balance of receipts as an additional output of the innovation process. In their 

basic model, Austria, Finland, Germany, Hungary, and the UK are found to occupy the 

technology frontier. 

Wang and Huang (2007) propose a three-stage approach for evaluating the relative 

technical efficiency of R&D across 30 OECD member and nonmember countries that 

controls for cross-country variation in external factors, i.e. the enrollment rate in tertiary 

education, PC density, and English proficiency. In a first stage, they apply an input-

oriented DEA analysis where patents and publications serve as outputs and R&D 

expenditure and researchers as inputs. Their findings indicate that about half the countries 

in their sample are efficient in R&D activity. In a second stage, they take the input slacks 

generated in the first stage as the dependent variable for a tobit regression to purge external 

effects caused by environmental factors outside the efficiency evaluation. Using the results 
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they conduct an additional DEA and find a decrease in the number of efficient countries 

due to the external factors. 

Sharma and Thomas (2008) measure the efficiency of the R&D process across 18 countries 

using a DEA approach that applies constant as well as variable returns to scale production 

technology. Their approach deviates from previous work in two ways. First, they consider 

a time lag between R&D expenditure and patents granted. Second, they include developing 

countries. Their findings indicate that when using the constant returns to scale approach, 

Japan, South Korea, and China occupy the efficiency frontier, whereas within the variable 

returns to scale framework, Japan, the Republic of Korea, China, India, Slovenia, and 

Hungary are found to be efficient. 

1.7 Contribution of this Dissertation   

In an increasingly competitive environment, firms have to optimally adjust both their 

allocation of input factors and their technology portfolio. The latter determines economies 

of scope and scale in future research and production. The aim of this dissertation is to 

achieve better insight into the strategies that firms employ and the impact of these 

strategies on performance. Hence, this thesis can be seen as having two parts. Chapters 2 

and 3 center on the question of outsourcing, market structure and productivity, while 

Chapters 4 and 5 focus on the strategic alignment of firms and the efficient use of inputs in 

the knowledge production process, given product market entry restrictions. In what 

follows, I will give a brief overview of each chapter and conclude with a summary of the 

main findings. 

Outsourcing is expected to increase the productivity of firms by allocating resources to 

their most efficient use. A number of empirical papers confirm the positive link between 

outsourcing intensity and firm productivity. However, no attempt so far has been made to 

estimate the impact of the outsourcing decision on the level and growth of firm 

productivity. In Chapter 2 I evaluate whether firms experience significant productivity 

gains which decide to rearrange their production process by subcontracting in-house 

activities to outside suppliers. Here, I focus on the influence of service outsourcing, 

measured by the costs of external contract work. The chapter is based on a unique micro 

dataset for the German manufacturing sector, constructed from three different data sources: 

the German Cost Structure Census, the German Monthly Report of Manufacturing Plants, 
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and the German Production Census. The analysis is conducted in three steps: First, I start 

by identifying two groups of firms depending on their outsourcing status. I then match to 

each outsourcing firm a non-outsourcing partner firm that is similar in its characteristics by 

means of “nearest-neighbor” propensity score matching. Second, I estimate separate 

production functions for outsourcing and non-outsourcing firms controlling for the 

simultaneity bias caused by a possible correlation between unobserved productivity and 

input factors. The estimation technique is based on a paper of Levinsohn and Petrin (2003) 

who take intermediate inputs to proxy for the unobserved productivity. Third, I calculate a 

measure for total factor productivity and evaluate the effect of service outsourcing on 

productivity by means of a difference-in-difference estimation approach. 

The findings of the Chapter 2 suggest that service outsourcing can contribute significantly 

to a better performance of firms. Firms that started to outsource parts of their production 

services to external suppliers became on average 27 percent more productive. This is a 

substantial increase in the productivity level and was not expected to be this magnitude. 

Furthermore, the results of the estimations on productivity growth show, that firms starting 

to outsource exhibit a seven percentage points higher growth rate than firms that decide to 

continue all production activities in-house.  

While Chapter 2 concentrates on the impact of the outsourcing decision on the level and 

growth of firm productivity, Chapter 3 looks at specific market characteristics that favor 

the outsourcing decision of firms. The make-or-buy decision has largely been analyzed 

against the background of transaction costs considerations. It compares the governance 

costs of productions within a firm with the transaction costs of organizing production 

through the market. The principal factor responsible for differences among transactions 

costs is variations in asset specificity. However, this approach widely ignores two 

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

and downstream markets.  

In Chapter 3 I test two main hypotheses which I derive from both transaction costs and 

production costs considerations: First, when outsourcing is the preferred organizational 

form of firms, upstream markets with low asset specificity are characterized by increasing 

returns to scale production technologies. In the absence of specific assets and thus low 

levels of transaction costs, outside contractors can take advantage of demand from a 

number of firms enabling them to benefit from economies of scale. Second, when 

outsourcing is the preferred organizational form of firms, upstream markets with high asset 
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specificity are characterized by a high degree of competition. The reasoning is as follows: 

As the number of potential upstream partners of a downstream firm rise, it reduces the 

incentives for relationship-specific investments, and therefore reduces the potential hold-

up problem. 

The aim of this chapter is to test empirically the derived hypothesis by simultaneously 

estimating the production technology and degree of competition, measured as the ratio of 

price to marginal costs. The analysis is based on a similar dataset to that of the previous 

chapter. However, I focus on the German automobile industry, which offers a particularly 

interesting example in this context since German-car makers have played an active role in 

restructuring the industry by means of outsourcing. 

The empirical analysis only partly affirms the derived hypothesis. Moreover, due to the 

underlying data restrictions and a great amount of variance in the parameter estimates, 

these results can only be interpreted with caution.  

While Chapters 2 and 3 mainly center on the input demand side of the firm and the 

question of optimal resource allocation, Chapter 4 aims to examine the supply side in 

greater detail. More specifically, I discuss the impact of a firm’s technology portfolio on its 

performance, measured in terms of its market value. Research on the alignment decision 

has largely concentrated on the reasons for, and the nature of, product diversification. Only 

more recently, the question of diversification has begun to be extended to the concept of a 

firm’s technological alignment. Noticing the distinct characteristics of product and 

technology diversification, Chapter 4 presents the first analysis that explicitly concentrates 

on the valuation of the technology portfolio through the market, using a Tobin’s q 

framework.  

Economies of scale and scope in research and development influence the cost structure of a 

firm and thereby its current and expected future cash flows. The purpose of this chapter is 

twofold: first, I analyze the impact of the size of the portfolio on the market value of a firm 

and secondly, I test the hypothesis that technological relatedness influences a firm’s 

potential to make use of economies of scope.  

My hypotheses build on the assumption, that individual characteristics of a firm’s 

technology portfolio determine its potential to make use of economies of scale and scope 

in the knowledge creation process. A firm might reduce its ability to exploit economies of 
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scale when the composition of its portfolio is widely diversified. This is linked to the idea 

of ray-economies of scale developed by Baumol et al. (1988). In contrast, the benefits 

generated by economies of scope depend on the amount of relatedness in the portfolio 

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

The analysis is conducted using a matched patent - firm level dataset for the years 1984 to 

1995, consisting of publicly traded companies from the U.S. manufacturing sector. Patent 

information stems from the NBER Patent database, which contains all patents granted by 

the USPTO during the period between 1965 -1996. I use the technology-based USPTO 

patent classification system to construct two measures for the size of the technology: 

simple unweighted count measure and number equivalent entropy. To test my second 

hypothesis, I calculate a measure of technological relatedness based on a method 

developed by Teece et al. (1994), which was originally used to determine how coherent a 

company’s product portfolios is. The main idea is that the frequency of combined 

technological classes within the same patent contains information about their technological 

relatedness.  

Based on an expanded Tobin’s q approach, I present evidence for a negative relationship 

between the number of fields and the market value, combined with a counterbalancing 

effect of relatedness. Enlarging the technology portfolio in unrelated fields negatively 

influences the market value of a firm due to the fact that it reduces the ability to exploit 

future economies of scale and scope. In contrast, diversifying into related areas increases 

the possibility to benefit from economies of scope, which reduces future costs and thereby 

increase future profits.  

The last chapter – at least to some extent – turns back to the question of optimal input 

allocation and puts the knowledge production process at the center of the analysis. In 

contrast to Chapter 4, where the focus lies on the alignment of the technology portfolio and 

the market value of firms, Chapter 5 takes a macroeconomic perspective and assesses the 

relative efficiency of knowledge production on the country level.  

Countries are exposed to an increasingly competitive environment, both in domestic and 

foreign markets for innovative products and future technologies. This process forces 

nations to continuously update their technological capabilities. Thus, in a globalized world, 

the efficient usage of the scarce resources devoted to R&D becomes more and more 

important.  
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While most of the empirical literature affirms a positive link between R&D expenditure, 

the number of researchers and innovative output, far less attention has been paid to the 

question of whether the input factors in the knowledge creation process are allocated to 

their most efficient use.  

In Chapter 5 I fill the gap in two ways: First, I calculate the relative efficiency of public 

and private R&D expenditures in the OECD using a nonparametric efficiency analysis 

approach, the data envelopment analysis (DEA) technique. Using country level R&D and 

patent information, I present efficiency scores based on intertemporal frontier estimation 

for the period 1995 to 2004. Secondly, I take a closer look at the different market 

structures of these countries. In particular, I test the hypothesis that regulation reduces 

competition by raising barriers to entry, thereby lowering competitive pressure and the 

incentives to innovate efficiently. I examine the impact of countries’ product market 

regulation on their relative R&D efficiency by applying a consistent two stage truncated 

regression approach proposed by Simar and Wilson (2007). 

My results suggest that Sweden, Germany and the United States belong to the best 

performing countries, located on or close to the world technology frontier. The efficient 

organization of their knowledge production process could serve as models to improve 

efficiency for less efficient countries like China and Mexico. 

Furthermore, the empirical evidence supports the hypothesis that barriers to entry, aimed at 

reducing competition, lower research efficiency by attenuating 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 among decision makers in order to increase 

firm productivity (McMillan, 1995; Abraham and Taylor, 1996; Campa and Goldberg, 

1997). Spurred by the advances in information and communication technologies over the 

last decades, many activities that once used to be performed in-house are outsourced to 

firms in the service sector. The main reasoning is as follows: the productivity of firms is 

determined by their potential to minimize production costs via allocating inputs to their 

most efficient use (Paul and Yasar, 2009). Firms therefore assess the productivity of their 

in-house production and compare it to outside suppliers. If external suppliers can provide a 

comparable service cheaper – e.g. due to benefits of economies of scale and centralization 

of expertise – certain tasks may be subcontracted.  

The decision to outsource, compared to continuing internal production, is not solely 

affected by production costs considerations. A further reasoning relates to the optimal form 

of organization – an issue that has been extensively studied in the academic literature. 

Starting with the seminal paper by Coase (1937) and including papers by Willamson 

(1995), Grossman and Hart (1986) and more recently Grossman and Helpman (2005) and 

McLaren (1999), various aspects of the trend to outsource have been discussed. The main 

focus lies on transaction costs and the property rights theory. The transaction-cost-based 

approach compares the governance costs of productions within a firm to the transaction 

costs of organizing production through the market, whereas the property rights theory 

emphasizes the efficiency costs of opportunistic behavior in both organizational forms. 

The aim of this chapter is to assess the influence of firms outsourcing decisions on their 

performance. More precisely, I will evaluate whether those firms experience significant 

productivity gains that decide to rearrange their production process by subcontracting in-
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house activities to outside suppliers. Hereby, I focus on the influence of service 

outsourcing – as measured by the costs of external contract work – as opposed to material 

outsourcing. The analysis is based on a representative panel dataset of German 

manufacturing firms. It is constructed from three different sources: the German Cost 

Structure Census, the German Monthly Report of Manufacturing Plants, and the German 

Production Census. This firm level dataset provides a rich basis of information to estimate 

the total factor productivity as well as to examine the effect of outsourcing on firms’ 

productivity and productivity growth. 

Even though outsourcing has been a growing phenomenon over the years, empirical 

evidence on the decision to outsource and its implications for the firm is still limited. 

These studies analyze quite different forms of outsourcing but so far no exact definition of 

outsourcing has emerged. The term outsourcing is frequently used to refer to all 

subcontracting relationships between firms, and the hiring of workers in non-traditional 

jobs (Heshmati, 2003). 

One strand of literature aims to explain the differences between productivity growth rates 

in manufacturing and services and the effects of outsourcing on manufacturing 

performance.6 Using a comprehensive plant-level dataset, Abraham and Taylor (1996) find 

that firms reasoning to contract out business services can be attributed to three motivations: 

to smooth production cycles, to benefit from specialization and most importantly, to realize 

labor costs savings. Fixler and Siegel (1999) provide some insight into the consequences of 

outsourcing for the measurement of productivity within the service sector. They find 

evidence, that outsourcing has played a major role for the growth of this sector. Siegel and 

Griliches (1992) investigate whether outsourcing of services by manufacturing industries 

led to an overstatement of manufacturing productivity. Replicating these results, Ten Raa 

and Wolff (2001) identify a positive correlation between the rate of outsourcing and 

productivity growth in the goods sector. 

Girma and Görg (2004) are among the first to analyze the effect of domestic outsourcing 

on productivity in the manufacturing sector, specifically, in the chemical, mechanical and 

instrument engineering, and electronic industry. Overall, they find a positive impact of 

outsourcing, measured as the costs of industrial services relative to the wage bill, on the 

level and growth rates of labor productivity as well as total factor productivity. However, 

                                                 
6 See Heshmati (2003) and Olsen (2006) for two excellent surveys on productivity growth and outsourcing.  



 

 45 

their results differ across industries and depend on the measure of productivity used. Using 

a similar methodology, Görg et al. (2008) investigate the influence of international 

outsourcing on productivity the productivity of Irish manufacturing plants. They 

distinguish the effect of outsourcing of materials and service inputs. Controlling for the 

endogeneity of the outsourcing decision their analysis suggest potential productivity 

increasing effect from international outsourcing in particular for service inputs. 

Criscuolo and Leaver (2005) focus on the productivity effects from offshoring for UK 

establishments. They measure offshoring as the value of service offshored relative to the 

total services purchased by a plant. Using a Generalized Method of Moment estimation 

technique they show that offshoring of services generally has a positive impact on plants 

productivity. 

In a very recent study Paul and Yasar (2009) evaluate the productivity and input 

composition effect of outsourcing for Turkish textile and apparel manufacturing plants. 

Estimating a translog production function their findings provide evidence that higher 

shares of imported materials and subcontracted inputs are associated with higher 

productivity levels. Furthermore, they show that these plants have, on average, a higher 

proportion of skilled labor and capital than non-outsourcing plants. 

This chapter contributes to the existing literature in several respects: First, I estimate 

separate production functions for firms that outsource parts of their services and those who 

do not with the help of a matched sample. Second, this is the first attempt to evaluate the 

causal effect of the decision to outsource based on a difference-in-difference approach. 

Third, so far no other study has to my knowledge analyzed the influence of outsourcing on 

productivity for the German manufacturing sector. 

My findings suggest that service outsourcing plays a significant role in enhancing the 

productivity of firms. Firms that decide to outsource parts of their services can benefit 

from substantial increases in their performance, measured both by level and growth rate of 

productivity. 

I organize this chapter as follows: In Section 2.2 I give a detailed description of the dataset 

and present first descriptive statistics. In Section 2.3 I discuss the applied econometric 

method to estimate the parameters of the production function and to obtain unbiased 

estimates of the total factor productivity. The results of the production function are 
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reported and discussed in Section 2.4. In Section 2.5 I explain the evaluation procedure 

used to measure the influence of the decision to outsource. Furthermore, the underlying 

matching procedure as well as the rescaling of my sample will be described. In Section 2.6, 

I show the results of the evaluation. Finally, in the last section I collect the main findings 

and conclude the chapter. 

2.2 Data 

In order to investigate the relationship between outsourcing and productivity, I use firm 

level data from the German manufacturing sector. The data is taken from three different 

censuses on plant and firm level, namely the German Cost Structure Census 

(Kostenstrukturerhebung), the German Monthly Report of Manufacturing Plants 

(Monatsbericht für Betriebe des Verarbeitenden Gewerbes) and the German Production 

Census (Produktionserhebung). Each dataset was gathered and complied by the German 

Statistical Office (Statistisches Bundesamt) over the period 1995-2006. Plant level data has 

been merged to firm level data using a common identifier. 

The strength of the dataset is its sample coverage and reliability of information. It covers 

almost all large German manufacturing firms that had 500 or more employees over the 

entire time span. Firms with less than 500 are included only as a random sample that is 

designed to be representative for the small firm segment as a whole in every industry.7 

Only firms with 20 or more employees are covered.8 

The Cost Structure Census contains information on several input categories, namely 

payroll, employer contributions to the social security system, fringe benefits, expenditures 

for material inputs, self-provided equipment, goods for resale, for energy costs, external 

wage-work, external maintenance and repair, tax depreciation of fixed assets, subsidies, 

rents and leases, insurance costs, sales tax, other taxes and public fees, interest on external 

capital as well as “other” costs such as license fees, bank charges and postage, or expenses 

for marketing and transport.9 

                                                 
7 Samples are drawn in 1995, 1997, 1999 and 2003. 
8 In some particular industries, even firms with less than 20 employees are included as a random draw. 
9 For more information about the Cost Structure Census surveys in Germany, I refer the reader to Fritsch et 
al., (2004). 
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The German Monthly Report of Manufacturing Plants provides data on hours worked and 

information on the export status of a firm. Furthermore, it allows me to construct a variable 

depicting the organizational structure of a firm by calculating the number of plants. 

Finally, the German Production Census gives detailed information about the number of 

products produced approximated by the nine-digit product classification system 

(Güterverzeichnis für Produktionsstatistiken) of the Federal Statistical Office. This 

variable is an important element to improve the matching approach in the empirical 

analysis. 

In order to calculate the production function I use the value of gross production net of sales 

taxes and subsidies as a measure for output. Furthermore, I decided not to include turnover 

from resale and other activities like license fees, commissions, rents and leasing, since I 

assume that such revenues cannot adequately be explained in a production function 

framework. 

Production function estimates are found to be sensitive to the choice of input factors 

included, see e.g., Hyde and Perloff (1995). Therefore, I decided to use the following six 

input categories: (1) material inputs: intermediate material consumption; (2) hours worked:  

hours worked are used, but unfortunately one cannot separate between blue and white 

collar workers; (3) energy consumption; (4) capital inputs (internal and external): capital 

depreciation (internal) plus rents and leases (external), (5) other inputs: other 

expenses/costs related to production e.g. transportation services, consulting or marketing; 

and finally (6) external services: external contract work (farming out of production) which 

serves as my outsourcing variable. I deflate all input and output series using the producer 

price index for the respective industry.  

The sample contains a number of observations with extreme values that proved to have a 

considerable impact on the estimated parameters of the production function and lead to 

implausible results. Therefore, I exclude those observations from the analysis for which the 

cost for a certain input category in relation to gross value added fall in the upper or lower 

one percentile of the sample. Furthermore, I restrict the sample to the time period 1999-

2006 in order to minimize the number of resamples.  

Descriptive statistics for the variables included are displayed in Table 2.1. It includes 

separate means and standard deviations for both, outsourcing and non-outsourcing firms. 
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Notice, the means of outsourcing firms of all variables 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 the number of observations. 

2.3 Estimation approach 

To evaluate the causal effect of outsourcing I proceed in three steps: First, I divide the 

firms into two groups, those which are engaged in service outsourcing during the entire 

sample period and those which never outsource. By means of propensity score matching, I 

match to each outsourcing firm a partner with similar characteristics. In a second step, I 

estimate separate production functions for each group and calculate the total factor 

productivity of each firm. To this end, I apply three different estimators, OLS, fixed effects 

and an estimation technique proposed by Levinsohn and Petrin (2003), which allows me to 

control for unobserved productivity shocks. Finally, using the estimated productivities, I 

evaluate the causal effect of the decision to start service outsourcing on the level and 

growth of total factor productivity by difference-in-difference estimation. In what follows, 

I will describe each step in greater detail. 

2.3.1 Matching 

In contrast to previous studies that assume service outsourcing to directly shift the 

technology parameter of the production function (e.g. Girma and Görg, 2004), I consider 

service outsourcing to be an input factor of the production process. Neglecting it in the 

estimation of the production function can lead to an omitted variable bias and thus result in 

inconsistent estimations of the total factor productivity. Since production functions are 

usually estimated in logarithmic forms, it is impossible to simultaneously estimate a 
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production function for outsourcing and non-outsourcing firms. Therefore, I decided to 

estimate separate production functions for each group. However, firms in both groups 

might be distinct in their characteristics, which can influence my estimation results 

significantly and therefore make it impossible to identify the effects of outsourcing on firm 

performance. In order to cope with this problem I decided to minimize the difference 

between outsourcing and non-outsourcing firms by applying a matching procedure as a 

first step. 

The idea is to find for each outsourcing firm a non-outsourcing partner with similar 

attributes relevant for the production process. However, comparing outsourcing and non-

outsourcing firms across all observable relevant characteristics is limited. Therefore I 

apply the “propensity score matching” approach as proposed by Rosenbaum and Rubin 

(1983, 1984). This technique suggests estimating a binary choice model (probit or logit) on 

the probability to outsource given a number of firm characteristics that influence 

simultaneously the decision to start outsourcing and productivity or productivity growth. I 

decided to model the probability to outsource P(OUTit =1) as follows: 

 P(OUTit =1) = F (sizei,t,indi,t,capi,t ,labit ,matit ,enerit ,otherit ...) (2.1) 

where sizei,t  denotes a set of size dummies, indi,t  the two-digit WZ (Wirtschaftszweig)10 

industry level the firm is operating in and capi,t,labit ,matit ,enerit  and otherit  are the typical 

parameters of a production function, capital, labor, material inputs, energy and other inputs 

respectively. Furthermore, I included a dummy variable indicating whether a firm is 

exporting parts of its output.  

I apply the nearest neighbor matching, which identifies for each outsourcing firm a non-

outsourcing firm on the following criteria: 

 pi − p j = min
k∈ OUT=0[ ]

pi − p j( ) (2.2) 

Thus, each firm of the non-outsourcing group is chosen as a matching partner for an 

outsourcing firm that is closest in terms of its propensity score ( ip ). Since the resulting 

                                                 
10 The WZ classification system of the German Statistical Office corresponds to the international NACE 
classification. 
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groups serve as the basis for the production function estimation, the matching is performed 

without replacement.  

Using a logit model, I perform the matching for every year separately. Every firm once 

identified as a partner for an outsourcing firm is kept in the non-outsourcing group for the 

rest of the time. If a partner drops out of the sample due to market exit or panel drop out, a 

new partner is matched in the following year. The matching procedure results in a total of 

29481 non-outsourcing matches for the 29479 outsourcing firms.  

In order to asses the quality of the matching procedure, I compare the mean of each 

variable in Table 2.1 before and after the matching and calculate the standardized bias 

before and after matching as suggested by Rosenbaum and Rubin (1985). Although, it is 

not a clear indicator for the success of the matching, I find bias reductions of 3% to 8 % 

depending on the variable and year, which is in accordance with other studies (e.g., 

Caliendo and Kopeinig, 2008).  

2.3.2 Productivity: Estimating the Coefficients of the Production Function 

Having selected two groups of firms according to their outsourcing status, I derive the total 

factor productivity by estimating separate production functions for each. My estimation 

strategy follows the assumption that firms produce according to a Cobb-Douglas type 

production function of the following form 

 Yit = K it
β k Lit

β l M it
β m Eit

β e Sit
β sOit

βO exp(β0 + ω it + η
it
) (2.3) 

where Yit  represents the output of a firm i in period t, itK , itL , itM  and itE  are the four 

traditional input factors capital, labor, materials and energy. I added two additional input 

factors, namely external wage work (Sit ) and other inputs related to production such as 

transportation services or consulting and marketing, all summarized in Oit . The constant 

0β  captures the mean productivity whereas itω  denotes the firm – time specific 

productivity level and itη  an i.i.d. component, representing unexpected deviations from the 

mean due to measurement error. Writing the equation 2.3 in logs results in a linear 

production function, where lower case-letters refer to log values: 
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 yit = β0 + βkkit + β l lit + βmmit + βeeit + βssit + βooit + ω it + ηit  (2.4) 

A key issue in the estimation of this production function is a possible correlation between 

unobservable productivity shocks and the input levels.11 As already noted by Marschak and 

Andrews (1994), the inputs levels in the production function are not chosen independently, 

but are rather determined by the characteristics of the firm. Assuming profit-maximizing 

behavior, firms will expand their outputs in response to positive productivity shocks, 

leading to higher input levels. Negative productivity shocks influence firm behavior in the 

opposite direction and lead to a decrease in input usage. Thus, estimating the equation (2.4) 

can lead to biased estimates due to the correlation between the level of inputs and the 

unobserved productivity shocks. The direction of this bias is impossible to sign in a 

multivariate context with many input factors. However, Levinsohn and Petrin (2003) show 

for a hypothetical production function with only two inputs, labor and capital, that the 

capital coefficient will be biased downwards assuming a positive correlation between 

capital and labor and quasi-fixed capital. 

Olley and Pakes (1996) were among the first to suggest an estimation approach addressing 

the simultaneity problem without having to rely on instruments. They included an equation 

derived from a structural model which proxies for that part of the error which might be 

correlated with the freely disposable inputs. More recently, Levinsohn and Petrin (2003) 

suggested an alternative method, which strongly builds on the Olley and Pakes (1996) 

approach. Instead of investment, they used intermediate inputs to proxy for the unobserved 

productivity shocks and derive conditions under which intermediate inputs can solve the 

simultaneity problem. 

In order to estimate the parameters of the production function, I decided to follow the 

Levinsohn-Petrin approach mainly because of the following data restrictions: my capital 

variable is an approximation of the underlying capital stock and unfortunately I do not 

observe yearly firm investment. Thus, using intermediate inputs to proxy for the 

unobserved productivity shock provide a good alternative to control for the simultaneity 

bias. 

I will sketch the approach briefly: staring from equation (2.4), the productivity component 

itω  is assumed to be a state variable and thus influences the firm’s decision rule. It is 

                                                 
11 See also Chapter 1.4 for a brief methodological survey. 
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unobservable to the econometrician but can influence the choice of inputs in the production 

process and thus leads to the simultaneity problem.  

Under the assumption that firms intermediate input demand depend on the state variables 

capital itk  and itω  productivity, one can write: 

 ),( itititit kmm ω=  (2.5) 

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

leads to an inverse input demand function as follows: 

 ),( itititit mkωω =  (2.6) 

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

observable inputs capital and material. 

Rewriting equation (2.4) as 

 yit = β0 + βkkit + β l lit + βmmit + βeeit + βssit + βooit + ω it + ηit  

     = β l l it + βeeit + βssit + βooit + φit (kit ,mit ) + ηit  
(2.7) 

where 

 ),(),( 0 ititititmitkititit mkmkmk ωβββφ +++=  (2.8) 

Equation (2.7) can be estimated in a first stage using simple OLS. Hereby, φit  is 

approximated by a third order polynomial expansion in capital (kit ) and intermediate 

inputs (mit ). This will result in unbiased estimates of the parameters β l ,βe,βs and βo. 

In order to identify the coefficients of capital (βk) and material (βm) an additional 

assumption about the development of productivity is needed since they appear twice in 

equation (2.7) and (2.8). I herein follow Levinsohn and Petrin (2003) and assume that 

productivity follows a first order Markov process and that capital does not immediately 

respond to innovations in productivity itξ : 

 [ ] itititit E ξωωω += −1|  (2.9) 
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which leads to a first moment condition: 

 E ξ it kit[ ]= 0 (2.10) 

A second moment condition follows from the fact, that last period’s material input should 

be uncorrelated with this period’s productivity shock: 

 E ξ it mit−1[ ]= 0 (2.11) 

Additional over-identifying conditions can be added by using lagged levels of the 

remaining input factors. The two parameters βkand βm are the solution to the minimization 

problem of the GMM criterion function: 

 
min
βk ,β m

ηit + ξ it( )Zi,ht

t

∑
i

∑
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 
 

h

∑
2

 (2.12) 

where h is denotes the number of instruments in Z . 

Traditionally, the production functions are estimated using a balanced sample thus 

dropping all firms who enter or exit during the sample period. However, several theoretical 

models predict that the growth and exit of firms is motivated to a large extend by 

productivity differences at the firm level. Thus, omitting all firms that entry or exit is likely 

to lead to biased results. Olley and Pakes (1996) suggest a selection correction by 

incorporating the survival probability into the estimation equation. Unfortunately, the 

dataset does not allow me to separate between firm market exits and panel mortality. I 

therefore simply note that my panel is unbalanced, and that I am not able to control for 

these selection issues.  

Table 2.2 depicts the results of the production function estimates. I estimate separate 

production functions depending on the two groups identified by the matching procedure. I 

compare the results of several models: a simple OLS regression, fixed-effects regression 

and the Levinsohn-Petrin approach, my preferred specification described above. 

Generally, in all three different estimation approaches, all the coefficients on the standard 

production factors, capital, labor, energy and material, are statistically significant and 

positive as expected. Furthermore, outsourcing of services is found to be an important 
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input factor of the production relationship with a positive impact on the revenue of a firm. 

Due to the large number of observations in each group, all estimated parameters turn out to 

be significant even at the one percent level. However, comparing the size of the estimated 

parameters I find substantial differences between the three different approaches.  

Table 2.2: Estimation Results for the Production Functions 

 OLS Fixed Effects Levinsohn- Petrin 

Revenue Outsourcing 
Non- 

Outsourcing 
Outsourcing 

Non- 
Outsourcing 

Outsourcing 
Non- 

Outsourcing 
Capital 0.210 0.218 0.115 0.119 0.135 0.187 
 (0.003)* (0.002)* (0.004)* (0.003)* (0.029)* (0.031)* 
Labor 0.128 0.147 0.076 0.091 0.112 0.133 
 (0.002)* (0.002)* (0.003)* (0.003)* (0.005)* (0.006)* 
Material 0.389 0.425 0.418 0.442 0.489 0.488 
 (0.002)* (0.002)* (0.003)* (0.003)* (0.095)* (0.051)* 
Energy 0.050 0.057 0.045 0.057 0.041 0.042 
 (0.002)* (0.002)* (0.003)* (0.002)* (0.003)* (0.003)* 
Others 0.158 0.13 0.081 0.075 0.146 0.129 
 (0.002)* (0.002)* (0.002)* (0.002)* (0.003)* (0.002)* 
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, I report bootstrapped standard errors for the Levinsohn-Petrin approach. 
           * significant at the 1% level 

I start with a simple OLS regression as a base line specification. It is clear that OLS 

produces biased estimates in the case of unobserved productivity shocks. Comparing the 

estimation results for each group, outsourcing and non-outsourcing firms, I find similar 

results except for the coefficient on material which is about 3.5 percentage points higher 

for the non-outsourcing group. However, due to a possible bias, I refrain from interpreting 

this difference. 

The fixed-effect estimation is a common alternative to OLS. By using the within-firm 

variation it controls for a potential correlation between unobserved firm-specific 

productivity shocks and input choice. However, using only the within variation can lead to 

an underestimation of those variables changing only slowly over time. The estimated 

coefficients of the fixed effects model are considerably smaller than the OLS results. In 

particular, the coefficient of the state variable capital is just half the size of the OLS 

results. Summing up the coefficients of the input factors, I find surprisingly low returns to 

scale, which differ significantly from constant returns. Thus, even though the within 
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estimator serves as a “safeguard” against firm-specific effects and thereby reducing a 

possible endogeneity problem, it however results in implausibly low coefficients.  

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

approach. I use materials as a proxy for the unobserved productivity shocks. The choice of 

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

material inputs for over 99% of the sample’s firm year observations. Thus, using materials 

as a proxy ensures a minimum of truncation due to a very low number of zero 

observations. 

The proxy materials yield statistically significant estimates of the parameters of both 

production functions, with and without outsourcing. The coefficient of material is the 

largest with 0.48 in the outsourcing group and 0.49 in the non-outsourcing group, followed 

by the coefficients of capital and other production inputs. The size of the coefficient is in 

line with other studies, which usually find the parameters of material to vary around 0.5 

(e.g. Levinsohn and Petrin, 2003). Comparing the results of the Levinsohn-Petrin approach 

to the OLS baseline regression, the main difference can be found in the size of the 

estimated effects of capital and material. While the estimated impact of material is 

considerably higher for the Levinsohn-Petrin approach, the magnitude of the capital 

coefficients is found to be of lower magnitude than the OLS estimates. This could be the 

result of a possible correlation of input factors with the unobserved productivity shocks in 

the case of simple OLS estimation causing a non-negligible endogeneity bias. To the 

extent that capital responds to transmitted productivity shocks, its estimates are upwardly 

biased. The remaining coefficients are of comparable size. Focusing on the Levinsohn-

Petrin results of the production functions for the outsourcing and non-outsourcing group, 

the only striking difference is the size of the capital coefficient. In the absence of service 

outsourcing, capital inputs are found to be more important for the production process. 

Furthermore, the effect of service outsourcing is statistically significant in all approaches 

and with 0.04 the highest for the Levinsohn-Petrin approach. Returns to scale range from 

0.96 for the outsourcing group to 0.98 for the non-outsourcing group but are not 

statistically different from constant returns.  

Using the estimated coefficients of the Levinsoh-Petrin estimation approach, I calculate the 

total-factor-productivities for both groups as the residual of the production functions. They 

serve as the basis to identify a possible causal effect of 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 

I use my estimated productivities to tackle the question whether a causal effect from the 

decision to outsource on productivity and productivity growth prevails.  Do firms, which 

decide to outsource parts of their services, exhibit productivity gains? The main evaluation 

problem is to isolate the effect of outsourcing in the productivity dynamics of firms. 

Simply comparing the productivity of firms before and after the outsourcing decision to 

deduce the effect of the outsourcing decision has no causal interpretation. Many other 

factors can be supposed to simultaneously influence both productivity and the outsourcing 

decision. A remedy to this problem is provided by the difference-in-difference 

methodology. It can be described as a two-step procedure. In a first step one estimates the 

difference in the productivity of outsourcing and non-outsourcing firms at two points of 

time, and then one derives the difference in their difference in a second step. This 

procedure removes those possible biases in the second period comparisons between the 

outsourcing and non-outsourcing group that could result from permanent differences 

between those groups or common shocks. Therefore, it provides an accurate evaluation of 

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

Before applying the difference-in-difference approach I re-scaled the time periods in such 

a way that a firm starts to outsource at time t=0. Let ω 0
outdenote the average outcome at the 

time a firm started to outsource and ω 0
nout the average outcome of a firm at the same time 

that did not start outsourcing. Further, let ω 1
noutdenote the average outcome in the year 

after the outsourcing decision for an outsourcing firm and ω 1
noutfor a non-outsourcing firm 

respectively. Thus, the difference-in-difference estimator can be written as follows: 

 ˆ φ = (ω 1
out −ω 0

out) − (ω 1
nout −ω 0

nout) (2.13) 

With repeated cross section data, the parameter ˆ φ  can be easily estimated by regressing 

 ω i = β0 + β1outi + β2dtimei + φdtimei * outi + ui  (2.14) 

where ω i is the productivity level of firm i, outi  a dummy variable indicating the status of 

a firm within one of the groups, dtimei  a time variable being one for the period after the 

outsourcing decision, and ui  denoting an error term. The coefficient of the interaction term 
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dtimei * outi , which is the same as a dummy variable equal to one for those observations in 

the outsourcing group in the second period, gives a consistent estimate of expression 

(2.13). Generally, it is possible to include other control variable into equation (2.14) to 

capture additional differences in the characteristics of both groups. Since I have already 

assigned the firms to two groups by means of matching, thus ensuring a high degree of 

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

Table 2.3 shows the results of the difference-in-difference estimations both on total factor 

productivity and on total factor productivity growth. 

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 interest and can be interpreted as the 

average causal effect of outsourcing on performance. Since all variables are in logarithms, 

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

Starting to outsource causes productivity to be significantly higher compared to the pre-

outsourcing productivity level. It raises the average productivity level by about 27 

percentage points, indicating a substantial gain in efficiency. I did not expect productivity 

gains of such an order but since this is the first study ever, to my knowledge, which 

evaluates the causal effect of the decision to outsource using a difference-in-difference 

approach, I do not have any reference results to compare it with. Studies analyzing the 

influence of service outsourcing intensity on total factor productivity in a different 

methodological setting, such as Görg et al. (2008), find a rise in the level of productivity 

between four percent to 25 percent following a one percent increase in the outsourcing 

intensity. However, their results vary considerably depending on the estimation technique. 
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Column 2 of Table 2.3 depicts the result for productivity growth. Firms staring to 

outsource exhibit an increase in the growth rate of productivity by about 7 percentage 

points in the first year of outsourcing compared to those who have decided to keep all 

production activities in-house. 

2.5 Conclusion 

This chapter presents one of the first attempts to assess the impact of a firm’s outsourcing 

decisions on its performance. A small number of studies have analyzed how the impact of 

the level of outsourcing intensity has a bearing on measurements of a firm’s performance. 

However, no one, to my knowledge, has explicitly identified the causal effect of starting to 

outsource on the productivity level and growth of a firm. My focus lies on the influence of 

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

material outsourcing. 

I started my analysis by identifying two groups of firms based upon their outsourcing 

status. I then matched to each outsourcing firm a non-outsourcing partner firm similar in its 

characteristics by means of “nearest-neighbor” propensity score matching. The dataset so 

obtained serve as the basis for separate production function estimations. I compared three 

different estimation approaches, OLS, fixed effects and the Levinsohn-Petrin approach. I 

find that the Levinsohn-Petrin estimates yield different estimates for the coefficients of 

labor, capital and material, which suggests than an analysis of total factor productivity 

using OLS, or fixed effect may result in biased estimates due to endogeneity. In an 

additional step, using the difference-in-difference approach on a re-scaled dataset, I 

evaluate the impact of the decision to outsource on productivity and productivity growth. 

My findings suggest that service outsourcing contributes to a better performance of firms. 

Firms that started to outsource parts of their production tasks to external suppliers became 

on average 27 percent more productive. This is a substantial increase in the productivity 

level and an increase of this magnitude was not expected. The results on productivity 

growth show that firms starting to outsource exhibit a 7 percentage point higher growth 

rate than firms that decide to continue all activities in-house.  

Finally, this analysis shows that the productivity increases in the German manufacturing 

sector can be partly explained by the increase in outsourcing activities. Thus, policies, 
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aimed at encouraging the promotion of outsourcing and 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 fundamental decision faced by every firm. In the 

last decades, outsourcing appears to be trending upward (McMillan, 1995; Abraham and 

Taylor, 1996; Campa and Goldberg, 1997); many activities that once were performed in-

house are now outsourced to external suppliers.12  

In the theoretical literature, the make-or-buy decision has received considerable attention. 

The majority of studies are based on the insights arising from the application of transaction 

costs theory, which compares the governance costs of productions within a firm with the 

transaction costs of organizing production through the market. The principal factor 

responsible for differences noted among transactions costs is variations in asset 

specificity.13 Asset specificity refers to the degree to which an asset can be used 

alternatively without a loss in the production value. Depending on asset specificity the 

transaction costs approach predicts that vertical integration decreases with the number of 

actual or potential trading partners, increases with the investment in sunk assets necessary 

to support a type of transaction, and increases with the uncertainty associated with the 

transaction (Williamson, 1985; Grossman and Hart, 1986). However, the focus on asset 

specificity ignores two other important characteristics: production technology and market 

structure.  

This chapter develops a framework that combines insights from the neoclassical 

production theory and transaction cost theory considerations. More particularly, I derive 

two hypotheses that consider the interplay between outsourcing, asset specificity, 

production technology and market structure. I test the derived hypotheses by 
                                                 
12This chapter benefits from joint research with Andreas Stephan. 
13 See also Chapter 1, Section 1.2. 
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simultaneously estimating the production technology and the degree of competition in 

upstream and downstream markets. I choose the German automobile industry for the 

empirical analysis, primarily because carmakers were very active players in restructuring 

the industry by means of outsourcing. 

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

and the production technology in upstream and downstream markets and relates them to 

the outsourcing decision. Since industry characteristics such as market structure and cost 

structure are the main focus of the analysis, this chapter can hopefully contribute to explain 

the cross-sectional differences in outsourcing activities, which have been documented by 

some scholars (for example, Helper, 1991). 

The chapter is organized as follows: In Section 3.2 I derive the two main hypotheses. In 

Section 3.3 I present some descriptive evidence and define the empirical model. I describe 

the dataset in Section 3.3 and present the estimation results in Section 3.4. I conclude with 

remarks about the findings in Section 3.5.  

3.2 Theoretical Framework 

The transaction costs theory predicts that the more specialized and durable the investment 

associated with a given transaction (Masten, 1984), the more the costs associated with 

market exchange will increase. In the absence of relation-specific investments, however, 

outsourcing is the preferred organizational behavior, due to significant profit incentives 

and the potential for cost minimization. Outsourcing allows firms in upstream markets to 

aggregate demand and benefit from economies of scale (Lyons, 1995) which enables them 

to produce at lower marginal costs than integrated downstream firms that produce solely 

for their own needs. My first hypothesis is: 

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

asset specificity are characterized by increasing returns to scale production technologies. 

It is important to note that the cost advantages of outsourcing closely relate to the level of 

asset specificity. In other words, if the technology becomes more specific, the aggregation 

of demands from different firms generates fewer savings. Further, the transaction cost 

theory predicts that downstream firms can be locked into hold-up problems due to high 

bilateral dependencies. 



 

 62 

The hold-up problem can only be mitigated by a large number of firms in the upstream 

markets. As Aghion et al. (2006) note, increased competition in the upstream markets due 

to an increase in the number of firms reduces the overall level of asset specificity. It also 

improves the ex ante bargaining position of downstream firms and thereby minimizes their 

possible hold-up costs. This leads to my second hypothesis: 

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

asset specificity, are characterized by a high degree of competition. 

To test the two derived hypotheses I proceed in three steps: First, I identify the relevant 

upstream sectors in the German automobile industry; second, I distinguish these sectors 

according to the specificity of the supplied assets; and third, I estimate the degree of 

competition and production technology for each sector. 

3.3 Empirical Implementation 

3.3.1 The German Automobile Industry 

The German automobile industry is particularly interesting for the analysis, since it serves 

as the cutting-edge example for the German economy as well as other European countries 

in terms of organizational structures and production strategies (Jürgens, 2004). 

Outsourcing of intermediate production has been the carmakers’ predominant strategy for 

over a decade. The degree of vertical integration, measured as the percentage of gross 

value added of total value, was reduced from around 35 percent to 18 percent between 

1988 and 2006, with the most dramatic changes occurring between the years 1995 to 1998 

(Figure 3.1).  
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Figure 3.1: Degree of Vertical Integration of German Carmakers (1995-2006) 
Percentage of Gross Value Added of Total Value 
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The vast majority of intermediate products are supplied from three upstream sectors: 

Motor and engine components, autobody and refinement. About 18 percent of the inputs of 

the inputs stem from the motor and engine components sector,14 followed by the autobody 

and refinement sector, which taken together account for about three percent of the 

intermediate inputs.15  

Since the degree of asset specificity is difficult to measure, I rely on anecdotal evidence. 

Products supplied by the motor engine and refinement sector are deployed in a wide 

variety of automobiles. Typically, they can be used alternatively without a loss in the 

production value. Therefore, I assume that this sector exhibits low levels of relationship-

specific investments. 

In contrast, autobodies are customized intermediate goods that are characterized by 

specific design patterns adjusted to meet the requirements of the contracting partners. I 

note that every new autobody production is associated with high relationship-specific 

                                                 
14 Computed as inputs received measured relative to gross production value. The calculation is based on the 
official statistics about received goods in the manufacturing sector (Wareneingangsstatistik) compiled by the 
German Statistical Office in the year 2004. 
15 Unfortunately I am unable to calculate separate values because of missing disaggregated data.  
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adjustment costs. Therefore, I assume that firms in this upstream market experiences high 

levels of asset specificity. 

3.3.2 Estimation Approach 

To test the derived hypotheses I simultaneously estimate the production technology and 

level of competition from firm-level panel data, applying an estimation approach suggested 

by Klette (1999). It allows me to explicitly account for scale economies and the quasi-

fixity of capital. Below, I briefly sketch his approach. 

My model specification starts with a simple production function, Qit = Ait Ft (Xit ) where Qit  

and Xit  represent output and a vector of inputs for firms i in year t, respectively. Ait  
denotes a firm-specific productivity factor and Ft (.) a time-varying part of the production 

function common to all firms. 

The relationship between output and inputs can be expressed in terms of logarithmic 

deviations from a point of reference Qt ,Xt( ) as ˆ q it = ˆ a it + α it
j ˆ x it

j

j ∈M

∑ , where 

ˆ q ≡ ln(Qit ) − ln(Qt ) and ˆ x ≡ ln(Xit ) − ln(Xt ). Hereby,α it
j  denotes the output elasticity of 

input j evaluated at a point between Xit  and the point of reference.16 Following Klette 

(1999), the output elasticity α it
j

 can also be expressed as α it
j = µit s it

j , where s it
j

 is the cost 

share of input j relative to total revenue, defined as sit
j =

W it
j X it

j

P itQ it
 and µit  denotes the ratio 

between price and marginal costs.  

The elasticity of production can be expressed as η it = α it
j

j ∈M

∑ . Thus, distinguishing between 

variable inputs x j  and fixed capital input xK  I write the output elasticity of capital as 

α it
K = η it − µit s it

j

j ≠K

∑ . 

Substituting α it
j = µit s it  for the non-capital inputs and α it

K = η it − µit s it
j

j ≠K

∑  for the capital 

inputs in the production function ˆ q it = ˆ a it + α it
j ˆ x it

j

j ∈M

∑  I derive the estimation equation: 

                                                 
16 For a discussion about the motivation behind using the mean value theorem rather than a Taylor 
approximation see Klette (1999). 
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 ˆ q it = ˆ a it + µit s it
j

j ≠K

∑ ˆ x it
j − ˆ x it

K( )+ηit
ˆ x it

K  (3.1) 

The parameter η
it
 can be interpreted as a measure of scale elasticity. µ

it
 is the ratio of 

price to marginal costs and thus quantifies the degree of competitive pressure. The term ˆ a it  

represents the firm’s productivity relative to a reference firm. If I assume productivity 

differences to be highly persistent over time, I can represent it consisting of a time 

invariant fixed effect ai  and an error term uit . Thus the estimation equation follows as: 

 ˆ q it = ai + µit s it
j

j ≠K

∑ ˆ x it
j − ˆ x it

K( )+ηit
ˆ x it

K + uit  (3.2) 

To estimate the model I use an application of the Generalized Method of Moments (GMM) 

estimator, proposed by Blundell and Bond (1998). The GMM estimator optimally exploits 

all of the linear moment restrictions implied by a panel data model and allows to use 

instrument variables to avoid a possible endogeneity bias due to productivity shocks or 

errors-in-variables problems. 

3.4 Data 

The data used in the empirical application comes from the German Cost Structure Census 

of Manufacturing gathered and complied by the German Statistical Office (Statistisches 

Bundesamt) in 1995-2006. The database consists of almost all of the German 

manufacturing firms that have 500 or more employees over the entire time span and a 

representative random sample for firms with 20 or more employees. 

The Cost Structure Census contains information about a number of detailed input 

categories relevant for my analysis. I use the value of gross production net of sales taxes 

and subsidies as a measure for output. I excluded turnover from resale and other activities 

like license fees, commissions, rents and leasing, since such revenues cannot adequately be 

explained in a production function framework.  

Since the markup estimate is found to be sensitive to the choice of input factors included 

(Hyde and Perloff, 1995), I select the following six input categories: (1) material inputs: 

intermediate material consumption plus commodity categories; (2) labor compensation: 

salaries and wages plus employer’s social insurance contributions; (3) energy 
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consumption; (4) capital inputs: capital depreciation (internal) plus rents and leases 

(external), (5) other inputs: other expenses/costs related to production e.g. transportation 

services, consulting or marketing; (6) external services: e.g., repair costs and eternal 

contract work (farming out of production). 

Following the estimation approach, I measure the output and all inputs relative to the 

median value for the corresponding industry. The median value is calculated at the 6-digit 

GP (Güterverzeichnis für Produktionsstatistiken) classification for each year. Furthermore, 

I approximate the shares by taking the averages of the observed firm and the time-industry 

median value. Table 3.1 displays mean and standard deviations of the main variables used 

in the computation. 

Table 3.1: Summary Statistics 

 Carmaker 
Motor & 

Engine Components Refinement Autobody 
 Mean St. Dev. Mean St. Dev. Mean St. Dev. Mean St. Dev. 

Revenue 19.91 2.99 17.23 1.69 16.19 1.67 15.98 1.18 
Labor 18.11 2.89 15.94 1.59 14.97 1.26 14.74 1.13 
Capital 15.22 2.91 13.17 1.64 12.57 1.72 12.1 1.31 
Energy 14.62 3.13 12.79 1.7 11.49 1.3 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 1.47 

External 15.61 3.42 14.16 1.88 12.98 1.95 11.97 1.73 
Obs. 247 3,855 151 782 

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

3.5 Results 

Table 3.2 depicts the estimation results. Let me start with a few comments on the 

econometric specification and the test-statistics. I decided to use System GMM that 

combines the standard set of equations in first-differences with lagged levels as 

instruments, with an additional set of equations in levels with lagged first-differences as 

instruments. Applying the System GMM estimator, I use the same set of instruments – one 

year lagged inputs in levels and differences – for each of the industry specific estimations. 

The Hansen test of overidentifying restrictions provides no evidence against this 

specification, although the results of the Sargan test are mixed. However, the usage of 

Hansen is preferable since it takes possible heterogeneity – a common phenomenon in case 

of firm level data - into account. In the majority of the results, the Arellano-Bond tests on 

first and second order correlation reveal the expected outcome, namely first order 
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autocorrelation exists due to the econometric specification while the presence of second 

order autocorrelation is rejected. 

Let’s look at estimation results industry by industry. For the carmaker I find a moderate 

statistically significant markup. The downstream sector is characterized by a highly 

concentrated market, which is dominated by a few big players. Firms in this sector exhibit 

constant returns to scale technologies. 

Table 3.2: Estimated Price-Cost Margins and Scale Economies  

for the Automobile Industry (System GMM) 

 
Carmakers 

Motor & 
Engine 

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) 146.20 (28) 

Hansen Test 22.86 (27) 39.05 (29) 12.60 (16) 23.32 (28) 

     

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, the degree of freedom is reported in parentheses. 
* significant at the 1% level. 

Looking at the upstream firms, the motor and engine components as well as the refinement 

sector are characterized by low asset specificity: according to the first hypothesis I expect 

increasing returns to scale production technologies in these markets. However, the 

prediction is only supported for the refinement industry, which I find to be highly 

competitive with moderate returns to scale. This result suggests that firms succeed to 

aggregate demand and therefore benefit from lower production costs due to economies of 

scale.  

In contrast, I find decreasing returns to scale technologies for the motor and engine 

component sector, the largest upstream sectors in terms of input supplies and number of 
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companies. One explanation for this somewhat puzzling result is that the large number of 

firms in this sector hinders companies from exploiting possible production costs savings 

due to low demand per firm.  

The autobody, characterized by high relationship-specific investments, show a price to 

marginal cost ratio close to one and decreasing returns to scale, which confirms my second 

hypothesis. The competitive environment mitigates possible hold-up costs due to high 

bilateral dependencies. Downstream firms are in an improved bargaining situation and 

therefore able to minimize transaction costs. Furthermore, these results suggest decreasing 

returns to scale production technologies in the autobody sector as a whole. I explain this by 

the missing potential to benefit from aggregate demand due to high asset specificity.  

3.6 Conclusion  

The aim of this chapter was to disentangle the influence of industry characteristics such as 

the intensity of competition or the production technology in an industry where outsourcing 

is the predominant firm behavior. Drawing on the insights of both transaction costs theory 

and neoclassical production theory, I derived two hypotheses about the interrelatedness of 

asset specificity, the potential to benefit from economies of scale and the degree of 

competition. Using an estimation approach suggested by Klette (1999) I find supportive 

evidence for my second hypothesis that upstream industries with high asset specificity are 

characterized by intensive competition. However, there is only limited evidence in favor of 

my first hypothesis, predicting increasing returns to scale for upstream markets with low 

asset specificity.  

Yet, results are subject to caveats concerning the parameter estimates of the GMM 

approach. Parameter estimates should be interpreted with appropriate caution as they 

exhibit substantial variance that would therefore raise doubts on the validity and reliability 

of the result. 
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Chapter 4 

Technology Portfolio and Market Value 

4.1 Introduction 

Is a wide research portfolio in line with market value maximization? So far, empirical 

research has concentrated on evaluating the impact of R&D and patents on the market 

value of a firm. Relatively little is known about the relationship between the composition 

of the research portfolio and its valuation by financial markets. Efforts in answering this 

question directly lead to an application of the theory of the multiproduct firm: economies 

of scope and scale in future research and production.17 

In this line of theory, it is widely assumed that economies of scale and scope in R&D 

reveal a significant impact on a firm’s innovative performance (Henderson and Cockburn, 

1996). Firms acquire a specific knowledge base over time that is used as an input in future 

research projects. This input is self-generated and cannot be provided efficiently by the 

market. By taking patents as an approximation of research output as suggested by Pakes 

(1985) and grouping them into technological fields, I transfer the idea of the multiproduct 

firm on the level of technologies. Knowledge serves as a shareable input that is used in 

research on various technologies. The innovations patented belong to certain fields and 

provide access to corresponding technologies. All technological fields covered can be 

summarized by a firm’s technology portfolio. I define the technology portfolio by the 

number of technological fields a firm is engaged in research – which is captured by 

technological diversification – and the relatedness of these fields within the portfolio.  

The technology portfolio can either be highly specialized on certain technologies or rather 

broad providing access to many technologies (Leten et al., 2007). Individual characteristics 

of a firm’s technology portfolio determine its potential to make use of economies of scale 

and scope in the knowledge creation process. The fact that one can observe multi-

technology firms implies the existence of economies of scope in the knowledge generation 

process caused by internal knowledge spillovers (Granstrand, 1998). In contrast, 

                                                 
17 This chapter benefits from a joint research project with Petra Zloczysti. 
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economies of scale are mainly driven by learning effects due to higher specialization in 

certain technologies (Garcia-Vega, 2006).  

In this chapter, I focus on the idea that the market – depending on technology portfolio 

characteristics – values two firms with equivalent tangible and intangible assets differently. 

Economies of scale and scope in research and development influence the cost structure of a 

firm and thereby current and expected future cash flows. The purpose of this chapter is 

twofold: first, I analyze the impact of the size of the portfolio on the market value of a firm 

and secondly I provide evidence for the hypothesis that technological relatedness 

influences the potential to make use of economies of scope. I test the suggested 

relationship in an expanded Tobin’s q model containing individual heterogeneity. A simple 

count measure and the number equivalent entropy are used to capture the portfolio size. 

The chapter is organized as follows: Section 4.2 introduces the theoretical framework; 

Section 4.3 provides the metrics used to capture technological diversification and 

relatedness; Section 4.4 describes the data sources; in Section 4.5 I present the econometric 

specification while section I discusses the results in Section 4.6. Finally, I conclude in 

Section 4.7.  

4.2 Theoretical Framework 

Empirical studies on the relationship between R&D and the market value mainly come to 

the conclusion that innovative efforts are rewarded by financial markets.18 Usually, 

valuation equations based on a firm’s assets are used to analyze the aspects of interest. The 

market value encompasses those assets that influence expected future cash flows and 

profits (Connolly and Hirschey, 1988). Changes in these assets alter the expectations about 

uncertain future cash flows and hence also the present value of the firm’s expected entire 

stream. The market value – under simplifying assumptions – should immediately react on 

this and reflect the revaluation that has taken place. Predominant in the literature is the 

division of assets in tangible ones like plant, equipment and inventories and intangible 

assets, which are usually approximated by R&D expenditures, patent counts or patent 

citations.19  

                                                 
18 For a detailed survey see Hall (2000). 
19 Examples for the application of various approximations of intangible assets can be found in: Hall et al. 
(2005), Bloom and van Reenen (2002) and Shane and Klock (1997).  
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The technologies generated by the R&D process may influence the market value in two 

ways: first, the current knowledge and technology portfolio serves as an input for future 

research projects and thereby determines its cost structure. Inputs like researchers, 

equipment and codified knowledge can be devoted to several technological fields but at 

varying costs. A widespread technology portfolio may generate economies of scope in 

research since it will be less costly in future to cover many fields in a firm’s portfolio when 

the corresponding knowledge base already exists (Panzar and Willig, 1981). In contrast, 

economies of scale arise due to specialization on certain technologies when firms benefit 

from learning effects (Fai and von Tunzelmann, 2001). Secondly, the current technology 

portfolio is linked to future production technologies that will be used to generate future 

cash flows. Hence, the potential for economies of scale and scope on the innovation stage 

can be taken as a signal for future production. 

The main methodology to evaluate impacts on the market value was developed by 

Griliches (1981) and is based on hedonic Tobin’s q equations:20  

 [ ]KAqV γ+=  (4.1) 

In this standard version of the value function, the market value (V) is assumed to equal the 

weighted sum of physical (A) and intangible knowledge assets (K ). The variable q can be 

interpreted as the current market valuation coefficient of a firm reflecting its monopoly 

position, differential risk and overall costs of capital adjustment. 

I adopt the standard version of the value function and expand it with a term capturing the 

number of technological fields in the portfolio. Within this framework, the range of 

activity where a firm can utilize its assets productively and generate future cash flows is 

denoted by the variableD, which stands for the size of the portfolio meaning the degree of 

technological diversification. Furthermore, I assume its impact may vary with the 

technological relatedness (R) of fields within the portfolio. The technological relatedness 

captures the amount of common knowledge between fields and thereby influences the 

potential to make use of economies of scope: 

 ( ) ( )[ ] ( )[ ]RR DKAqDKAqV δθβθ γγ ++ +=+= 1  (4.2) 

                                                 
20 The value function assumes constant returns to scale. 
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with θβδ =  

The term δR adjusts the elasticity of the number of technological fields with respect to the 

market value by including technological relatedness and its corresponding coefficient beta. 

Accordingly, the influence of the number of fields is either reduced or enhanced by this 

modification depending on the expected parameters of the model and the measure of 

relatedness in use. 

Based on the theoretical framework described above, the following hypothesis is tested in 

the empirical part of this chapter: the number of technological fields – the size of the 

portfolio – has a negative influence on its market value. In case of diversified firms, the 

relatedness of fields has a counterbalancing influence meaning that diversification into 

highly related fields has a positive influence on the market value while diversification into 

unrelated ones has a negative impact. Formally21: 

 0&0: >< δθH  (4.3) 

There are mainly three reasons for this hypothesis: first, a firm reduces its ability to exploit 

economies of scale when the composition of its portfolio changes. This is linked to the idea 

of ray-economies of scale developed by Baumol et al. (1988). In contrast, the benefits 

generated by economies of scope depend on the amount of relatedness in the portfolio 

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

Secondly, Wernerfelt and Montgomery (1988) argue that transferring technological 

knowledge to new fields might lead to a reduction in economic efficiency since factors of 

production contain a firm and field specific component.22 Accordingly, the rent generated 

by these factors depends on the technological closeness of the current field and the new 

ones. Still firms may decide to spread their economic activity because of excess capacity in 

their R&D department and thereby diversify even though they are left with a lower rent 

generated by their factors of production. Thirdly, the decision to diversify in technologies 

can be interpreted as an indicator for the degree of risk aversion of a firm’s decision 

makers. Future returns of technological improvements being generated by cash flows from 

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

                                                 
21 The applied measure of relatedness exhibits an expected value of zero, relatedness matters only when 
being larger (positive value) or smaller (negative value) than expected. 
22 See also Montgomery and Wernerfelt (1988). 
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returns. Accordingly, the negative impact of D on q can be seen as causing a risk premium 

(Mansi and Reeb, 2002). 

4.3 Measurement of Technological Diversification and 
Relatedness 

In order to test my hypothesis suggested above, I need to derive measures that characterize 

a firm’s technology portfolio. In particular, I need a count measure for the portfolio size 

and an index for the degree of relatedness within the portfolio. I rely on the technology 

based USPTO patent classification system to define technological fields.  

To capture the number of fields, it is either possible to use an unweighted count measure, 

which simply sums over the areas of research activity, or to apply a weighting scheme like 

the one suggested by the number equivalent entropy. Both measures will be tested in the 

empirical part of this chapter. The weights applied in calculating the entropy measure 

reflect the relative importance of each field (j=1…N); therefore, I employ the share of the 

patent count Sj  dedicated to each field: 

 

∑ =

=
N

l kl

kj
j

pc

pc
S

1

  (4.4) 

The weighting scheme mirrors the relative sizes of the technological fields in the firm’s 

patent portfolio. It is obvious, that the entropy measure assigns a lower weight to fields 

with small shares than the unweighted count measure. The entropy of firm k’s portfolio can 

be derived using the common formula:23 
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In line with the theoretical model, I need a number equivalent interpretation of the entropy 

measure to obtain the adjusted number of fields24, which is constructed by exponentiating 

Ek: 

                                                 
23 For a first application of the entropy measure in industrial economics see Jacquemin and Berry (1979). 
24 The number equivalent interpretation of the entropy was suggested by Baldwin et al. (2001). 
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The number equivalent entropy lies between 1 and 42, which corresponds to the total 

number of fields in the classification system. Only in case of equal distribution of patents 

across fields, its value will be equal to the simple field count; otherwise it will be lower. 

Hence, a firm with a number equivalent entropy of five and actually serving seven fields is 

as diversified as another firm engaged in five fields and having twenty percent of their 

patents in each field. 

Early research25 usually approximated technological diversification by product 

diversification. This is somewhat misleading since technological and product 

diversification belong to different stages of the value chain and therefore have distinct 

impacts on the market value. In case of product diversification, the problem of 

endogeneity26 arises due to the fact that firms might either seek for growth opportunities in 

times of low profit or earn high profits because of their current product portfolio (Hall, 

1995). Therefore, the direct measurement of technological diversification provides a 

suitable way to disentangle these effects by exploiting its location in an earlier stage of the 

value chain and the forward looking linkage to expected future cash-flows generated by 

technologies which are part of a firm’s market value. 

Besides the size of the technology portfolio, the relatedness of the fields within the firm’s 

portfolio matters. The measure of technological relatedness applied here is based on a 

method developed by Teece et al. (1994), which was used to determine how coherent a 

company’s product portfolios is. The main assumption is that activities being related are 

more frequently combined within the same cooperation. Nesta and Saviotti (2005) adapt 

this approach and conduct a corresponding analysis on the patent class level.27 Applying 

the concept to patents implies that patent classes exhibit technological relatedness if 

patents are more often assigned to the same combination of classes than expected. Instead 

of using patent classes, I conduct this analysis on the level of technological fields to 

determine their relatedness within a firm’s technology portfolio. 

                                                 
25 For instance Teece (1980). 
26 For a test of endogeneity between innovation and product diversification see Rodriguez-Duarte et al. 
(2007). 
27 A similar approach is used by Piscitello (2000) and Breschi et al. (2003), where the number of firms 
patenting in two or more fields is used to determine technological relatedness. In contrast, Leten et al. (2007) 
compare the observed number of co-citations with its expectation. 
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Let K be the total number of patent applications being assigned (to two or more patent 

classes) and 1=ikP  in case that patent k is assigned to field i, and 0 otherwise. The total 

number of patents assigned to field i equals ∑=
k iki PC . Using this notation, the number 

of joint occurrences in fields i and j can be depicted as ∑=
k jkikij PPJ . This count is used 

to derive my measure of relatedness. Applying it to all possible pairs I obtain a square 

( )NN ×  matrix with typical cell ijJ . Since ijJ  can be effected by either an increase in the 

relatedness of fields i and j or an increase in the number of patens assigned to i or j, Teece 

et al. suggest to compare the observed value of ijJ  with its expectation. The expected 

value is derived under the hypothesis of joint random occurrences using a hypergeometric 

distribution28 for the number of patents xij  assigned to fields i and j with mean 
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If the actual number of joint occurrences ijJ  in fields i and j exceeds its expected valueijµ , 

then the two classes are assumed to be related. The measure of relatedness between the two 

fields is thus derived by: 
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ijij
ij

J
t

σ
µ−

=   (4.9) 

Calculating the pairwise relatedness measures for every possible combination of fields 

leads to a symmetric ( )NN ×  relatedness matrix. This matrix is used to calculate a 

measure of relatedness of a firm’s technology portfolio. The derivation is conducted in two 

steps: first, the weighted-average relatedness WARki  of field i with all other technological 

fields within firm k’s portfolio is derived as: 

                                                 
28 K denotes the population, Ci the membership to group i and C j the sample size. 
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WARki =

tij pkjj≠ i
∑

pkjj ≠ i
∑

  (4.10) 

where pkj  denotes the number of patents of firm k assigned to field j. Obviously, iWAR 

depends on the number of fields a firm is engaged in research. Second, I aggregate the 

WARki ‘s on the firm level by weighting them with the same scheme used above to 

determine the average relatedness of a firm’s technology portfolio:  
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A positive value of TCk  from equation (4.11) suggests a generally high relatedness or 

complementarities within the portfolio, while a negative value indicates the opposite. It is 

worth mentioning in this context that TCk  will vary even when the structure of the 

technology portfolio remains constant in case the relatedness of the fields tij  change. 

4.4 Data and Descriptives 

My dataset is constructed using four different sources: first, the NBER Patent database 

which contains all patents granted by the USPTO during the period from 1965 to 1996 

including citations.29 I exploit this information to calculate firm specific patent and citation 

stocks using the perpetual inventory method with a 15 percent depreciation rate which is 

common in the literature (Griliches and Mairesse, 1984; Hall, 1993). Secondly, firm 

specific data are drawn from an updated version of the manufacturing sector master file 

developed by Hall (1990).30 The data set is constructed out of the Compustat Annual 

Industrial Files and provides information on market value, book value of physical assets, 

and R&D investments.31 Firm specific R&D capital stocks are calculated using the 

                                                 
29 A detailed description is provided in Hall et al. (2001). 
30 For details on variables and construction, see the documentation by Hall (1990) on the original 
Manufacturing Sector Master File 1959-1987. 
31 I follow Hall et al. (2005) in calculating the market value as the sum of the common stock, the preferred 
stock, long-term debt adjusted for inflation, and the short-term debt net of assets. Accordingly the book value 
is calculated as the sum of net plant and equipment, inventories, and investments in unconsolidated 
subsidiaries, intangibles, and others (all adjusted for inflation).  
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perpetual inventory method as for the patent- and citations stocks with 15% depreciation. 

Third, the CUSIP match file provided by NBER Patent database is used to merge patent 

and firm data. Fourthly, I add the USPTO patent classification system to define 

technological fields. Every patent applied for at the USPTO must have at least one 

principal mandatory classification consisting of a class and subclass. A class hereby 

generally delineates one technology from the other, whereas subclasses delineate 

processes, structural features, and functional features of the subject matter encompassed 

within the scope of a class. Patents with more than one claim receive additional mandatory 

classification for all claims disclosed. The USPTO classification systems uniquely 

identifies more than 500 classes and more the 150 000 subclasses and therefore captures 

every patented innovation in detail. To identify the technological fields a firm is engaged 

in research, I aggregate the classification scheme to 42 main groups using the “Classes 

within the U.S. Classification System” 32 provided by the USPTO33. 

Combining the datasets and dropping all companies with less than two patents in the 

observation period, I end up with an unbalanced panel of 1700 firms for the years 1969 to 

1995. Firms in my sample are publicly traded at the American stock exchange and belong 

to the U.S. manufacturing sector. The analysis is conducted using a sample from 1984 

onwards since several important changes took place in the U.S. legal environment in the 

early 1980s which enhanced the ability of patent holders to enforce their patents and led to 

increased patent activities of companies (Hall and Ziedonis, 2001). Observing this trend, I 

believe that I obtain a clearer picture of the technology portfolio using this time frame 

since a larger amount of innovations is patented. Due to data restrictions, mainly because 

of the NBER CUSIP match file, the sample runs until 1995. 

 

                                                 
32 Classes within the U.S. classification scheme December 2006. 
33 A table of the 42 groups is provided in Appendix 1. 
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Table 4.1 Summary Statistics34 

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 0.00 333.33 

Citations/Patents 9973 13.62 10.40 11.38 0.00 179.01 

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 -35.46 108.19 

Table 4.1 displays the sample statistics for the main variables used in my analysis for the 

entire estimation period 1983-1995. On average, the market value exceeds the book value 

by a factor of 2.66. Comparing mean and median of Tobin’s q, I observe a skewed 

distribution with its median being only half of the mean. The average value of the 

R&D/Asset ratio shows that R&D efforts of patenting companies are considerably high 

compared to their assets. However, this value has a highly skewed distribution to the right.  

In my sample, firms are on average engaged in eight technological fields, when a 

weighting scheme is applied; this number reduces to approximately five fields. None of the 

companies observed is active in every field. The maximum portfolio size equals 39 

technologies. This number reduces to 20 when the number equivalent entropy is used since 

some fields are of less importance. 

                                                 
34 Both measures, the technological diversification and the technological relatedness, are derived using the 
firm’s patent portfolio constructed as a three-year moving window of patent applications. Yearly data would 
generate too much noise (Nesta and Saviotti, 2006) and due to the fact that technology portfolio changes are 
at least mid-term decisions, three-year moving window of patent applications are used to depict the 
technological strategy. 
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Figure 4.1 Kernel Densities for Technological Diversification 
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In Figure 4.1 the kernel densities of the number equivalent entropy and the unweighted 

count measure are depicted to illustrate their distribution in my sample. The kernel density 

is a non-parametric density estimator that generalizes simple histograms by minimizing the 

optimality criterion via the bandwidth, so it smoothes out the contribution of each 

observation. I observe that the distribution of the number equivalent entropy is more 

skewed to the right than the count measure due to the different weighting schemes. Most 

firms cover about one to six fields within their patent portfolio and the share working in 

more than ten fields becomes substantially small, especially when weighting the fields 

according to their relative importance.  

The measure of technological relatedness ranges from -35.46 (less related as expected) to 

108.19 (more related then expected). Figure 4.2 shows the estimated kernel density of the 

relatedness measure derived according to the method described above. The distribution is 

centered on zero with a median value of five. Red dotted lines denote the 25 percent 

quartiles of the distribution. My results suggest that the majority of firms exhibit a related 

technology portfolio that might be an indication for a strategic alignment focusing on 

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

Using my theoretical model as a starting point, moving the book value itA  to the left hand 

side and taking logs of equation 4.2 derives my fundamental estimation equation:
 

 
( ) ( ) ( ) itititit

it

it
itit uRDD

A

K
qQ +++








++= lnln1ln)ln(ln δθγ   (4.12) 

The deviation of Tobin’s q from unity thus depends on the ratio of intangible capital to 

assets, the number of technological fields a company is engaged in research (itD ), their 

relatedness (itR ) and a constant denoted by the log of itq  which captures its current market 

valuation coefficient. Two different approaches are present in the literature concerning the 

treatment of the non-linear term ( )itit AKγ+1ln , which affects the econometric 

specification of the model. Approximating the term ( )itit AKγ+1ln  by γ K it Ait , using 

ln 1+ x( )= x if x is small, leads to a linear specification while a non-linear estimator has to 

be applied otherwise. The accuracy of the approximation depends on the magnitude of 

itit AK , the smaller, the better the approximation. Even though a non-linear estimator 
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avoids committing an approximation error, it reveals a major shortcoming because it 

restricts me to using a pooled model and thereby neglecting unobserved heterogeneity. 

Firms are likely to exhibit various inter-firm differences like unmeasured capital 

components, monopoly power or market characteristics that influence the magnitude of 

their individual Tobin’s q. Some authors suggest applying a pooled non-linear estimator. 

They argue that the high correlation between individual effects and slowly changing R&D 

intensities leads to an over- correction of R&D effects.35 I argue in the opposite direction: 

high correlation between individual effects and explanatory variables and existing inter-

firm differences creates biased coefficient estimates, unless I control for them. The tradeoff 

that might occur using a linear approximation including fixed effects is the risk of a bias 

due to the approximation of the non-linear logarithmic term.  

Approximating ( )itit AKγ+1ln  by itit AK  and defining qit  by: 

 qit = exp dt + mi + uit( ) (4.13) 

including time effects td and a firm specific component im , leads to:  

 ( ) ( ) ( ) ititititit
it

it
it umdRDD

A

K
Q +++++= lnlnln δθγ  (4.14) 

Theory provides various approaches to specify the knowledge stock itK  of a firm. I follow 

Hall et al. (2001, 2005) who think of the knowledge creation process as a continuum going 

from R&D to patents to citations. Every step adds further pieces of information concerning 

the value of innovations. R&D shows the commitment of a firm to innovation; patents are 

taken as an indicator of inventive output and citations indicate the extent to which those 

innovations turn out to be “important” and therefore valuable to the firm (Trajtenberg, 

1990; Harhoff et al., 1999). Instead of dividing all three measures by physical assets – 

which leads to the problem of collinearity in the estimation equation – ratios according to 

their position in the knowledge creation process are included. Hence, the basic linear 

estimation equation is given by: 

                                                 
35 For instance Hall et al. (2005), Megna and Klock (1993) and Czarnitzki et al. (2005). 
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A first look at the bivariat correlations, as shown in Table 4.2, reveals the expected 

positive correlation between R&D intensity, patents per R&D, citations per patents and the 

logarithm of Tobin’s q. The magnitude of the correlations of Tobin’s q differs 

substantially, from 35 percent with citations per patents to three percent with patents per 

R&D. 

Table 4.2: Correlation Matrix 

  Log(q) R&D/Assets Pat/R&D Cit/Patents 
Num. equ. 

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 1.00 

Relatedness 0.19 0.17 -0.02  0.04 -0.29 -0.04 

The number equivalent entropy measure and the number of fields are negatively correlated 

with the logarithm of Tobin’s q, which is in line with the hypothesis of this chapter.  

4.6 Results 

A first impression about the relationship between the number of technological fields and 

the market value is gained by comparing the average q over a varying number of fields. 

Figure 4.3 depicts the corresponding relationship: it displays the average Tobin’s q of 

firms with approximately the same number of fields in its portfolio. I observe that the 

average q being maximal for firms covering roughly two to three fields. 
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Figure 4.3: Average Tobin’s q and Number Equivalent Entropy36 

 

The average Tobin’s q of firms with one field is somewhat lower which may indicate that 

the market appreciates reaching a minimum threshold of diversification. From the second 

field onwards, the average q steadily declines until the seventh field, where q is only about 

half of its value compared to a firm working in two fields. The descriptive evidence in 

figure 4.3 suggests a negative impact of the number of technological fields on the market 

value as stated in my hypothesis.  

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

hypothesis that the size of the technology portfolio exhibits a negative impact on the 

market value. Starting with the simplest approach to approximate the knowledge stock 

including patents and R&D, the specification is expanded stepwise by encompassing 

citations and measures of diversification. 

The estimation results in columns 1 to 4 are derived using a pooled OLS model while 

columns 5 to 6 include fixed effects. All estimations are derived under the restriction that δ 

is equal to zero to test the first part of the hypothesis exclusively. In columns 1 to 4, R&D, 

patents and citations reveal a stable, positive and significant impact on the firm’s market 

value. 

                                                 
36 The number equivalent entropy is used here, because I aim to control for the relative importance of each 
field. Rounded numbers are displayed to approximate a discrete distribution. 
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Table 4.3: Estimation Results with δ=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* 0.040* 

 (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** 0.005** 

 (2.28) (2.20) (2.17) (2.11) (4.77) (4.33) 

Citations/Patents  0.024** 0.023** 0.020** 0.007** 0.007** 

  (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) 

Chandler1    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** 0.748** 

 (19.97) (11.27) (10.38) (7.58) (15.87) (13.50) 

Observations 8247 8239 8239 8239 8239 8239 

R-squared37 0.13 0.23 0.24 0.27 0.10 0.10 

Number of groups     1027 1027 
Notes: Heteroscedasticity-robust t-statistics in parentheses. All equations include a complete set of year dummies 
           and a dummy for non-reported R&D. 

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

Concerning the entropy measure, which is equal to the logarithm of the number equivalent 

entropy, I find a negative and significant influence with a coefficient of -0.07. This 

corresponds to an elasticity of the weighted number of technological fields D with respect 

to the market value of minus seven percent. Hence, a firm with equivalent tangible and 

intangible assets compared to another firm with one (equally important) field more in its 

portfolio experiences a seven percent lower market value. The coefficients of the other 

variables capturing the knowledge stock are not affected by this expansion of the standard 

model. In column 4, I include industry effects according to segments developed by 

Chandler (1994) that are based on technological dynamics. Even though the distinction 

between high-tech, stable-tech and low-tech industries seems to be quite rough, it shows 

that the coefficient of my measure of technological diversification is not driven by some 

sort of technological fixed effect that affects only a couple of industries. As expected, 

                                                 
37 In case of fixed effects estimation, the within R-squared is provided. 
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firms in high-tech industries experience a significantly higher Tobin’s q on average. In 

contrast, there is no systematic difference in the market value of stable-tech industries. 

Statistical evidence suggests controlling for individual heterogeneity using fixed effects. 

The corresponding estimation results are displayed in column 5 to 6 of Table 4.3. Still, the 

impact of R&D, patents and citations remains significantly positive, even though the 

coefficients became substantially smaller. The largest drops occur in case of citations per 

patents and R&D per assets where the coefficient is just half of the size compared to the 

pooled estimation results. This might be due to the fact that a part of the R&D expenditures 

remains rather stable over time which reduces its explanatory power in the within 

regression. In column 6, I apply the logarithm of the unweighted number of technological 

fields instead of the entropy measure to control for the impact of the weighting scheme in 

use. I likewise find a negative and significant impact with a coefficient being absolutely 

smaller in size. This is not surprising since the number equivalent entropy is bounded from 

above by the unweighted count measure. Hence, the number of fields will generally be at 

least as large as the corresponding weighted measure. Thus, even though they depict the 

same relationship, the coefficient of the number of fields is found to be smaller. The point 

estimate of -0.039 implies an elasticity of the size of the technology portfolio with respect 

to Tobin’s q of 3.9 percent without controlling for the relatedness of the portfolio and 

thereby neglecting to distinguish between the effects of economies of scale and scope. 

Overall, the empirical results displayed in Table 4.3 indicate that the width of a firm’s 

technology portfolio has a negative effect on its market value. 

I now turn to the estimation of the full model and take a closer look at the composition of 

the technology portfolio by introducing the measure of technological relatedness. Since 

only diversified firms can exhibit a related technology portfolio, the analysis is restricted to 

firms being engaged in at least two technological fields. Table 4.4 presents alternative 

specifications of the fixed effects model. The parameters encompassing the knowledge 

creation process remain stable compared to the fixed effects regressions of Table 4.3. All 

of them exhibit a positive influence on Tobin’s q and are mainly significant at the five 

percent level. The parameters of interest are the entropy 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 

 (1.91) (1.92) (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-robust t-statistics in parentheses. All equations include a complete set of year dummies     
           and a dummy for non-reported R&D 

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

In columns 1 and 2 of Table 4.4, the coefficients reflecting the number of fields are 

negatively significant and of the same size compared to Table 4.3. As expected, the 

coefficient of the interaction term points in the opposite direction, suggesting a 

counterbalancing effect in case of related technology portfolios. This is probably due to the 

fact that the ability of a firm to exploit economies of scope is reduced when it extends its 

technology portfolio in technological unrelated fields, while diversifying into related areas 

increases the possibility to benefit from economies of scope, which may reduce costs and 

thereby increase future profits. 
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Furthermore, I construct a size-corrected entropy measure by regressing the entropy and 

the interaction term on the logarithm of sales and utilizing the residuals since some authors 

argue that diversification is mainly driven by firm size. This leaves me with the 

opportunity to include sales as a further explanatory variable. Both coefficients are hardly 

affected by this correction, which can be taken as further evidence for the robustness of my 

results. Further, it provides evidence on the absence of a size effect in my analysis.  

Figure 4.4 summarizes the potential parameter values of the elasticity of the portfolio size 

with respect to the market value when adjusting for the relatedness within the portfolio. 

The calculation is based on the estimation results in column 2 of Table 2.5. Evaluated at 

mean relatedness, the market value is reduced for an additional field by nearly six percent. 

An increase in the market value due to an additional field can only be reached in case of 

highly related portfolios. Accordingly, the majority of firms experience a discount in their 

market value when enlarging their technology portfolio even though this discount 

decreases the more related the new field is to the old ones. 

Figure 4.4: Effect of Relatedness on log q 
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In order to analyze the impact of diversification according to relatedness, dummy variables 

are generated using the quartiles of the relatedness measure and interacted with the entropy 

measure. Firms belonging to the lowest level of relatedness, the 25 percentile, exhibit a 

significantly negative impact of -0.078. This effect reduces to -0.016 for the group of 

highly technological related firms, indicating that the negative impact on the market value 

diminishes as the relatedness within the portfolio rises. The coefficients are jointly 
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significant at the one percent level and the hypothesis of equality of the parameters is 

rejected by the Wald-test38. 

Finally, I compare the estimation results for the linear approximation with the exact non-

linear specification of the model; Table 4.5 displays the results. The magnitudes of the 

parameters belonging to the knowledge creation process in the non-linear part are in line 

with Hall, Jaffe and Trajtenberg’s estimates that served as my benchmark results. 

Table 4.5: Estimation Results (Non Linear) 

log(q) (1) (2) (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) 

Chandler1    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-statistics in parentheses. All equations include a complete set of year dummies             
           and a dummy for non-reported R&D 

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

In contrast to the linear specification in equation 4.14, the parameters of the non-linear 

pooled model exceed those of pooled OLS and fixed effects. The difference in the size 

                                                 
38 The robust variance-covariance matrix has to be used when calculating the test statistic. 
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between the parameters of the pooled OLS and pooled non-linear estimation is partly 

caused by the linear approximation of the logarithm. However, one could also argue that 

the pooled model overestimates the coefficients by ignoring individual firm specific effects 

and their correlation with the explanatory variables. 

As expected, the coefficients of the entropy measure and the interaction term are of the 

same size as found in the linear model, presumably because they remain unaffected by the 

linear approximation. Column 3 and 4 of Table 4.5, provide interaction terms for the 

relatedness level. Ignoring industry specific effects generates rather uniform coefficients of 

-0.110, no matter how related the technology portfolio is. Only in case of high relatedness, 

the discount reduces substantially. Controlling for technology segments (Chandler, 1994), 

which can be taken as a first approximation of unobserved heterogeneity, shows that the 

higher the technological relatedness within a portfolio, the larger the corresponding 

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

robustness check confirming my previous results. 

4.7 Conclusion 

The aim of this chapter was to analyze the impact of a firm’s technology portfolio on its 

market value. Two concepts were used to describe a firm’s portfolio: the number of fields 

implying the degree of technological diversification and the relatedness of the technologies 

covered by a firm. Based on the theoretical framework using an expanded Tobin’s q 

approach, I present evidence for a negative relationship between the number of fields and 

the market value, combined with a counterbalancing effect of relatedness. Enlarging the 

technology portfolio in unrelated fields negatively influences the market value of a firm 

due to the fact that it reduces the ability to exploit future economies of scale and scope. In 

contrast, diversifying into related areas increases the possibility to benefit from economies 

of scope, which reduces future costs and thereby increase future profits.  

My results suggest that under the objective of value maximization, the composition of the 

research portfolio plays an important role. The possibilities to exploit economies of scale 

and scope have to be considered while deciding to expand research activities into new 

areas. A properly designed research portfolio can have substantial 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 is central to endogenous growth models in 

which innovation (ideas’ productivity growth) is a main driver of sustainable long-term 

growth (Porter and Stern, 2000). True innovation, in contrast to imitation, becomes even 

more important for productivity growth when a country approaches the world technology 

frontier because less room is left for copying. The empirical literature affirms the 

importance of the level and dynamics of R&D expenditures for economic growth (e.g. 

Guellec and Van Pottelsberghe de la Potterie, 2004). Therefore, the efficient usage of the 

scarce resources devoted to R&D becomes increasingly important, especially in a 

globalized world. Countries are exposed to high levels of competition in domestic and 

foreign markets for innovative products and future technologies. This process forces 

nations to continuously update their technological capabilities. Countries utilizing their 

R&D resources inefficiently will be penalized with a growth discount.39  

Since the resources allocated to the generation of new knowledge are limited, they should 

be used as efficiently as possible given the local institutional, organizational and legal 

constraints. Hereby government policies aimed to encourage R&D play a major role in 

ensuring a sufficient level of R&D spending in the research process. Such policies 

fostering a high level of competition by reducing market entry barriers are likely to affect 

innovation and R&D efficiency. Among others, Acs and Audretsch (1990) and Geroski 

(1991) find a positive link between the rates of entry and innovation. Studies by Baldwin 

and Gorecki (1991) and Geroski (1989) document a productivity enhancing effect of 

                                                 
39 This chapter benefits from a joint research project with Astrid Cullmann and Petra Zloczysti. 
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market entry on the industry level and recently Aghion et al. (2009) claim that entry 

encourages incumbent innovation and productivity growth. 

The influence of market entry on R&D efficiency is twofold: first, high entry rates increase 

the incentives to innovate and thereby the overall level of R&D expenditures in a country. 

Market entry is often used as a vehicle for introducing new innovations (Geroski, 1995b). 

New innovative firms challenge incumbents that are more interested in protecting their 

existing position than in seeking new business opportunities. Incumbents are then forced to 

increase their R&D investment in order to acquire a lead over their rivals due to a more 

competitive environment. Thus, more resources are allocated to R&D via growing 

incentives to innovate. Second, increasing competition by new entries forces firms to 

improve their R&D process. In competitive markets, firms are punished more severely for 

being inefficient (Boone, 2008). Competitive pressure induced by entrants increases the 

incentives to allocate the scarce resources optimally to ensure survival. Thus, high entry 

rates are associated with higher rates of innovation and increases in efficiency.  

In light of this, the degree of governmental regulation plays a crucial role in ensuring low 

barriers to entry by altering market structures. A strict regulatory environment might 

hamper the entry of new competitors, like innovative entrepreneurs, and thereby reduce 

efficiency in the production and research processes. Hence in my empirical analysis, I test 

the hypothesis that governmental barriers to competition lower R&D efficiency by 

distorting the incentive to innovate. 

My model specification follows the “knowledge production function” framework, 

developed by Griliches (1979) and implemented by Pakes and Griliches (1984), Jaffe 

(1986), and Hall and Ziedonis (2001). According to Griliches (1979), innovative output is 

the product of knowledge generating inputs, similar to the production of physical goods. 

Some observable measures of inputs, such as R&D expenditures and the number of 

researchers, are invested in the knowledge production process and directed toward 

producing economically valuable knowledge. The process is seen as a continuum leading 

from R&D and human capital as inputs to some observable measure of innovative activity. 

Formally, it can be summarized using a knowledge production function: 

 ( & , )c c cI f R D R=  (5.1) 
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where I depicts innovative output, R&D denotes R&D expenditures and R is the number of 

researchers engaged. The unit of observation is the country (c) level. 

Innovative output as the result of knowledge production is hard to capture. I argue in favor 

of patent applications as a measure of valuable output of the knowledge production 

process. The use of patents as an indicator of innovative output has without a doubt some 

drawbacks. First of all, patent applications are often criticized as measuring just one 

component of the innovative output since inventors may choose other protectionist 

strategies like secrecy. Patents would thus underestimate real innovative activity. Second, 

research has shown that the value of patents is skewed to the right, with only some patents 

being highly valuable. This observation has been discussed by numerous authors, e.g. 

Scherer (1965), Pakes and Schankerman (1984), Pakes (1986), and Griliches (1990). 

Despite this criticism, patents are probably the most important indicator of research output. 

They are by definition related to inventiveness and based on an objective and relatively 

stable standard. Furthermore, data on patent application is widely available and provides 

additional information about the origin of the inventor and a detailed technological 

classification of the underlying invention. Therefore, patent applications are extensively 

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

The empirical literature using a knowledge production function framework affirms the 

importance of level and dynamics of research personnel and R&D expenditures as input 

factors. However, only recently the empirical literature has put more emphasis on the 

efficient usage of scarce resources. The relevant studies on R&D efficiency in this field 

that motivated my approach are summarized in Table 5.1. 

This chapter contributes to the existing literature in the following aspects: I measure R&D 

efficiency in OECD countries and consider R&D expenditures distinguishing between 

public and private sources on the input side as well as accounting for the possibility of 

multiple inventors on the output side. In addition, I study the impact of product market 

regulation on R&D efficiency by applying a consistent two stage truncated regression 

approach proposed by Simar and Wilson (2007). 
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Table 5.1: Literature Review of R&D Efficiency Studies 

Authors Data Sets Methodology Specification Key results 
Sharma and 
Thomas, 
(2008) 

UNESCO Institute of 
Statistics data base,  
SCI Expanded data 
base of the web of 
science, WIPO 
Statistics data base 

DEA approach with 
constant (CRS) as well 
as variable returns to 
scale (VRS). 

Inputs: R&D 
expenditures, researchers, 
gross domestic product, 
population 
Output: patents granted, 
publications counts   

Japan, Republic of 
Korea, China lie on 
the efficiency frontier 
with CRS, Japan, 
Republic of Korea, 
China, India, Slovenia 
and Hungary are 
found to be efficient 
with VRS 

Wang and 
Huang, 
(2007) 

WIPO Statistics data, 
MSTI data base, SCI 
expanded data base 

DEA approach (VRS) 
and second stage Tobit 
Regression, Three 
stage approach 
according to Fried et 
al. (1999) 

Inputs: R&D net capital 
stock, researchers, 
technicians, 
Output: patents granted, 
publications counts   
Environmental Variables: 
like the enrollment rate of 
tertiary education, the PC 
density and the English 
proficiency 

About half of the 
countries are efficient 
in their R&D 
activities, higher 
education can explain 
variations in R&D 
input slacks, 
increasing returns to 
scale for two thirds of 
the countries 

Wang, 
(2007) 

WIPO Statistics data, 
MSTI data base, SCI 
expanded data base, 
World development 
indicators, economic 
freedom index 

Stochastic frontier 
analysis (SFA), Battese 
and Coelli (1992, 
1995) specification  

Inputs: R&D net capital 
stock, researchers, 
technicians, 
Output: patents granted, 
publications counts   
Environmental Variables: 
the PC density, economic 
freedom index, percentage 
of R&D performed by the 
government 

External factors affect 
R&D achievements, 
PC density and 
economic freedom 
index have a 
significant impact on 
efficiency differences 

Rousseau 
and 
Rousseau, 
(1998) 

EPO Patents, Science 
citation index, 
UNITED NATIONS, 
Statistical Yearbook, 

DEA approach with 
CRS, different output 
and input weights 

Inputs: GDP, active 
population and R&D 
expenditure  
Outputs: publications and 
patents  

Switzerland was in 
1993 the most 
efficient and effective 
country of Europe, 
closely followed by 
the Netherlands. 

Rousseau 
and 
Rousseau, 
(1997) 

EPO Patents, Science 
citation index, 
UNITED NATIONS, 
Statistical Yearbook, 

DEA approach with 
CRS 

Inputs : GDP, active 
population and R&D 
expenditure  
Outputs: publications and 
patents 

DEA can be used as a 
tool to construct 
performance 
indicators 
for governments. 

The empirical analysis is conducted in two steps. First, to measure R&D efficiency I 

follow the nonparametric DEA approach and assume a constant intertemporal frontier. 

Second, I analyze the influence of product market regulation on the differences in R&D 

efficiencies on the country level by applying the recently developed single bootstrap 

procedures proposed by Simar and Wilson (2007). Due to unknown serial correlation 

among the estimated efficiencies, conventional approaches for drawing inferences are 

invalid.  

The chapter is organized as follows: Section 5.2 introduces the methodology while Section 

5.3 presents my model specification and the data set. The empirical results of the 
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efficiency analysis and the truncated regression are summarized 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 provide a ranking of countries with regard 

to their achieved performance I apply a concept of nonparametric efficiency analysis: the 

data envelopment analysis (DEA).40 The DEA approach assumes that decision making 

units within a sample (in this case countries) have access to the same technology of 

converting a vector of p  inputs px +ℜ∈  into a vector of q  outputs qy +ℜ∈  The technology 

set ψ  is defined according to Simar and Wilson (2007) as: 

 }),{( yproducecanxyx qp+
+ℜ∈=ψ   (5.2) 

The R&D technology frontier (efficiency frontier) depicts the maximum output attainable 

from each input level (see Coelli et al., 2005) and countries may or may not be on the 

frontier of this technology. A particular country’s distance from the technology frontier 

may depend on a mixture of different country specific factors. These factors may be 

exogenous, such as governmental regulatory policies and barriers to entrepreneurship, 

which in turn affect performance and therefore the distance to the frontier. Thus, the 

distance from the actual input/output combination to the frontier of the technology set ψ  is 

assumed to correspond to the inefficiency caused by country specific exogenous factors of 

governmental regulatory policies and some unexplained statistical noise (see Barros and 

Dieke, 2008). The objective of this chapter is to assess in a first stage such inefficiency and 

then investigate in a second stage its dependency on various indicators of the regulatory 

environment in each country.  

                                                 
40 For a survey on the theoretical literature see Cooper et al. (2004). 
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5.2.1 Stage 1: Estimation of Relative R&D Efficiency Scores  

In the first stage I use the Farrell/Debreu-type output oriented efficiency measure41: 

 }),(:max{),( ψθθ ∈= jjjj yxyxTE   (5.3) 

θ  measures the radial distance between the observation ,i ix y  and the efficiency frontier. 

The efficiency score is the point on the frontier characterized by the level of outputs that 

should be reached to be efficient (Simar and Wilson, 1998). A value of 1θ =  indicates that 

a country is fully efficient and thus is located on the efficiency frontier. As in practice the 

technology set ψ  is unobserved and I replace it with its DEA-estimate (see Simar and 

Wilson, 2007 and Barros and Dieke, 2008) .42 

Calculations can be made using either an input-orientation where the output vector is held 

fixed and inputs are minimized to be efficient. Contrary to the case of output-orientation 

the input vector is fixed and outputs are maximized to be efficient. I apply output 

orientation since it is reasonable to assume that countries aim to optimize and maximize 

the research output with a given level of R&D expenditures and number of researchers. In 

the variable returns to scale model, the determination of the efficiency score of the i-th 

firm in a sample of N firms is equivalent to the following optimization (see Coelli et al., 

2005): 
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The identified efficient countries could serve as peers to help improve performance of less 

efficient ones via technology transfer or detailed process analysis.  

                                                 
41 Farrell (1957) originally proposed estimating production efficiency scores in a nonparametric framework. 
He drew upon the work on activity analysis by Koopmans (1951) and Debreu (1951). Charnes et al. (1978) 
and Banker et al. (1984) extended Farrell’s ideas by imposing returns to scale properties. 
42 Different assumptions regarding the frontier can be made: the underlying technology determined either by 
constant returns to scale (CRS), (see Charnes et al., 1978, who first derived the DEA under CRS); or by 
variable returns to scale (VRS) which assume that scale inefficiencies are present (see Banker et al., 1984, 
who first allow for VRS). To determine efficiency measures under the variable returns to scale (VRS) 
assumption, a further convexity constraint ∑λ=1 must be considered. Within this framework countries of 
similar sizes concerning the input requirements are compared.  
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The DEA estimator belongs to the deterministic frontier models, which imply that all 

observations are assumed to be technically attainable. They are highly sensitive to outliers 

and extreme values in the data (Simar and Wilson, 2000, 2007). It is therefore important to 

assess ex ante if outliers in the data inappropriately influence the estimation of the 

performance of other countries in the sample. This chapter uses the method of super-

efficiency (see Banker and Chang, 2006 and Andersen and Peterson, 1993) to identify and 

delete extreme values ex-ante. Within the super-efficiency approach, decision-making 

units within the efficiency frontier might obtain an efficiency score greater than one 

because the observation itself cannot be used as a peer (see Coelli et al., 2005) and 

therefore cannot form part of its reference frontier.43  

5.2.2 Stage 2: Regulatory Environmental Indicators as Determinants of 
Efficiency? 

In addition to the relative R&D performance of OECD countries I assess the impact of 

regulatory indicators on efficiency differences. This represents an important step when 

deriving policy implications with regard to a favourable regulatory, competitive and 

administrative environment while assuring R&D efficiency. Thus, after the determination 

of the individual efficiencies in a first stage I regress in a second stage the efficiency scores 

on the country specific exogenous regulatory indicators provided by the OECD (see 

Section 5.3). 

The econometric model is based on Simar and Wilson (2007) who propose and derive a 

bootstrap procedure, which permits valid inference in the second-stage truncated 

regression. They show that conventional approaches for drawing inference in tobit 

regressions, which have been widely applied in the past, are invalid when regressing non-

parametric DEA scores on environmental variables in the second stage. The inconsistency 

of simple second stage tobit regressions is due to complicated, unknown serial correlation 

among the estimated efficiencies.44 The econometric model is specified as follows: 

                                                 
43 According to Banker and Chang (2006) countries obtaining in a specific point in time efficiency score 
larger than 1.2 are supposed to be an outlier and therefore deleted from the sample. 
44 They argue that the serial correlation arises due to the fact that perturbations of observations lying on the 
frontier will often cause changes in efficiencies estimated for other observations. The semi-parametric two-
stage model has been used already in other sectors and applications (see e.g., Barros and Dieke, 2008 for an 
evaluation of airports and Barros and Peypoch, 2007 for a measurement of technical efficiency in 
thermoelectric power plants). 
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iii ZTE εβ +=

∧
 with  ni ,...,1=   (5.5) 

where 
∧

iTE  represents the estimated technical average efficiencies on the country level; iZ  

a vector of country specific variables, which I expect to have an impact on the technical 

efficiencies; and β  the coefficients to be estimated. Both sides are bounded by unity (see 

Simar and Wilson, 2007 and Barros and Dieke, 2008), thus iε  is restricted by the condition 

βε ii Z−≥1 . Therefore a truncated normal distribution for iε  with a left truncation point at 

βiZ−1  is assumed. The truncated regression model is estimated by means of maximum 

likelihood. A parametric bootstrap procedure is used to estimate standard errors and 

confidence intervals for the estimated coefficients (for 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 follows: based on the notion of a knowledge 

production function I use R&D expenditures and labor invested in R&D on the input side. 

Hereby, I distinguish between R&D expenditures conducted by business enterprises45, by 

the government46 and by the higher education sector47. This differentiation provides a more 

detailed picture compared to the conventional use of aggregate R&D48 because the 

distribution of R&D expenditures over sources varies remarkably across countries. The 

importance of public vs. private R&D is country-specific and should therefore be taken 

into account when measuring R&D efficiency. Furthermore, the productivity of R&D may 

vary across sectors. A dollar invested in private R&D might increase a country’s patent 

output more than a dollar invested in public R&D (see Wang, 2007). The distinction 

between private and public R&D is especially useful since the question of whether these 

are complements or substitutes has not yet been satisfactorily answered in the literature 

(David et al., 2000).  

Another ongoing discussion in specifying knowledge production is the distinction between 

R&D stocks and R&D expenditures (see e.g. Wang and Huang, 2007 using R&D stocks as 

                                                 
45 BERD in R&D terminology of MSTI. 
46 GOVERD in R&D terminology of MSTI. 
47 HERD in R&D terminology of MSTI. 
48 GERD in R&D terminology of MSTI. 
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an input). From a theoretical point of view R&D stocks are preferable since they 

encompass the stock of knowledge available in an economy. In practice, assumptions need 

to be made for calculation due to missing data problems. R&D stocks49 are built using the 

perpetual inventory method suggested by Guellec and van Pottelsberghe de la Potterie 

(2001). I tested both approaches by running separate DEA linear programming for each 

specification and found comparable results. This is not surprising because of high 

correlation between stocks and expenditures. Hence I follow a pragmatic approach and 

focus on R&D expenditures. 

Data on the number of researchers and R&D expenditures which serve as inputs are taken 

from the Main Science Technology Indicators (MSTI) published by the OECD. Manpower 

invested into R&D equals the number of researchers50 per country. Patents serve as my 

indicator of inventive output. A number of applications of DEA on research efficiency in 

the past also suggested the use of scientific publications as an additional output (see Table 

5.1). However, recent studies revealed a number of measurement problems inherent in the 

publication counts like co-authoring51 and language bias (Rousseau and Rousseau, 1997) 

and therefore reject its usage (Sharma and Thomas, 2008).  

This study analyzes R&D efficiency based on a sample of 26 OECD member countries and 

and two non-member countries (Argentina, China). The European Patent Office’s 

Worldwide Patent Statistical Database (PATSTAT52) serves as the base of information on 

patent applications.53 

Central to my exercise is the construction of patent aggregates by country and year. I build 

this variable by using all patent applications filed with the European Patent Office 

according to their priority date between 1995 and 2004. I focus on EPO applications since 

an application to an international authority, in contrast to one made to a national authority, 

can be taken as a signal that the patentee believes the invention to be of high enough value 

to justify the expense of in international application. The term priority date refers to the 

date where the given invention was covered by a patent for the first time. However, this 

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

                                                 
49 In line with the literature I assume a depreciation rate of 15 percent. 
50 Measured in full time equivalents. 
51 The usage of all-author publication counts tends to overestimate the output of a country due to double 
counting when authors come from the same country. 
52 Version 1/2008. 
53 This database, maintained by the European Patent Office, contains all national and international patent 
applications including inventors, applicants and their location, priority date and technological classification. 
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majority of patent applications at the EPO are second stage filings. Accordingly, in this 

study I date patent applications using the priority instead of the usual application date 

because it is closest to the date of invention and the decision to apply for a patent 

protecting the given invention (de Rassenfosse and van Pottelsberghe de la Potterie, 2007). 

In the event that the country of the inventor and that of the applicant vary, (as with 

multinationals) patent applications are assigned to the country of the inventor, which 

compared to the country of the applicant, is closer to the location of invention. The 

literature has until now usually considered only the first inventor’s country of residence 

(e.g. Wang, 2007; WIPO, 2008) and thereby ignores research cooperations across country 

borders. To overcome this problem, I construct patent aggregates based on all inventors’ 

countries of residence and compare them with the conventional first inventor approach. 

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

• First, an unweighted sum over all inventors’ countries of residence is calculated. 

This is by definition at least as large as the sum of all first inventors since patents 

with more than one inventor count more than once. Therefore, such an aggregation 

procedure might induce a bias due to double counting. 

• Second, I derive a weighted sum where all patent applications are assigned the 

reciprocal of the number of inventor countries in the original patent application as 

weights, meaning that an application with three inventor countries only contributes 

a third to each country’s aggregate. 

Empirical testing of the correlation between the first inventor and the multiple inventor 

output measures leads to the conclusion that all can be used as an approxiamtion of 

inventive output and will behave rather similar in the empirical application. However, in 

the case of small countries the conventional first inventor approach could lead to an 

underestimation of patent output when countries engange extensively in cross-border 

research cooperations. Therefore, I argue in favor of weighted patent aggregates as the 

appropriate output for the DEA application.  

Consistent with recent literature on research efficiency (Sharma and Thomas, 2008 and 

Wang and Huang, 2007), I impose a lag structure on inputs to account for the fact that 

R&D efforts do not immediately lead to innovative output (Hall et al., 1986). Therefore, 

inputs are lagged by two years in the DEA application. The different model specifications 

summarizing the input-output combinations are provided in 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 I evaluate the impact of barriers to entry caused by 

regulation on R&D efficiency. The regulatory environment is captured using the product 

market regulation indicators provided by the OECD in 1998 and 2003 (Conway et al., 

2005). These indicators focus on the regulations which are potentially able to reduce 

competition in the areas of product markets. Information on regulation is collected on a 

questionnaire basis aiming at specific policies applied by the government. The information 

on regulation in coded between 0 and 6 and increases with the restrictiveness of regulation. 

From this information a product market indicator system is derived based on 16 low-level 

indicators to cover various policy options. By means of principal component analysis, the 

low-level indicators are aggregated to sub-domain and domain-levels with the three 

domains being 

• state control (extent of government control over business), 

• barriers to trade and investment and  

• barriers to entrepreneurship. 

In my analysis about the influence of regulation on R&D efficiency, I focus on the domain 

barriers to entrepreneurship. In case of R&D efficiency, the regulations of considerable 

interest are those that influence the amount of competitive pressure by raising or lowering 

barriers to entry. A substantial amount of potential competitors are entrepreneurs which are 

either encouraged or deterrred from the prevalent degree of product market regulation. I 

find these aspects being reflected best in the barriers to entrepreneurship domain of the 

indicator (Table 5.3). In 1998, the countries with the highest level of regulation in this area 



 

 101 

were France, Italy and Poland while the Czech Republic ranked highest in 2003. Nearly all 

countries showed some improvement in the regulatory environment 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 entrepreneurship is a composite indicator and is 

calculated in two steps: first, the following seven low-level indicators are derived by 

summarizing the information from the questionnaires: 

• Licenses and permit system: reflecting rules for obtaining and issuing licenses and 

permits (z1), 
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• Communication and simplification of rules and procedures: reflecting 

government’s communication strategy to reduce administrative burdens (z2), 

• Administrative burdens for corporations: depicts administrative burdens on 

corporation creation (z3), 

• Administrative burdens for sole proprietor firms: depicts administrative burdens on 

sole proprietor firm creation (z4), 

• Sector-specific administrative burdens: measures administrative burdens in 

transport and retail distribution (z5), 

• Legal barriers: measures legal limitations on the number of competitors (z6), 

• Antitrust exemptions: measures the scope for exceptions to competition law for 

public enterprises (z7). 

Second, these low-level indicators are aggregated by means of principal component 

analysis to the three sub-domain indicators: 

• Regulatory and administrative opacity: z1 and z2, 

• 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 
min 

1998 
max 

1998 
mean 

2003 
min 

2003 
max 

2003 
mean 

Licenses and permit system 0.0 6.0 3.4 0.0 6.0 2.1 

Communication 

and simplification of rules 

and procedures 

0.3 2.6 1.0 0.0 2.6 0.5 

Administrative burdens for 

corporations 
0.5 5.5 2.2 0.8 4.3 1.8 

Administrative burdens for 

sole proprietor firms 
0.3 4.3 2.2 0.0 4.0 2.8 

Sector-specific administrative 

burdens 
0.0 4.7 1.9 0.3 4.1 1.6 

Legal barriers 0.3 3.5 1.8 0.3 2.3 1.5 

Antitrust exemptions 0.0 3.7 0.6 0.0 3.5 0.5 

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

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

Nevertheless, all indicators declined on average during the covered period.  

5.4 Empirical Results 

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

is determined using DEA to identify the OECD countries that perform efficiently with 

respect to R&D efforts. Based on a ranking I assess countries that could serve as peers to 

help improve performance of less efficient countries. I estimate an intertemporal frontier, 

more precisely a cross section pooled frontier, where each observation is accounted for as a 

single unit without considering any panel structure of the data. Country averages are then 

calculated over the observation period.  

In the second part I assess the impact of regulatory and administrative opacity, 

administrative burdens and barriers to competition on R&D efficiency by means of the 

truncated two-stage semi parametric regression proposed by Simar and Wilson (2007).  

5.4.1 Relative R&D Efficiency  

I assume output orientation, thus countries aim to maximize the R&D output resulting 

from their inputs. In this context, inputs are exogenous. I estimate both, the constant 

returns to scale model (CRS, Charnes et al., 1978) and the variable returns to scale model 

(VRS, Banker et al., 1984). Within the CRS model, technical and scale efficiency are 

aggregated, whereas the VRS model measures the pure technical efficiency. Scale 

efficiency can therefore be determined by the difference between the results obtained from 

both specifications. The scale efficiency indicates if size and magnitude of the research 

production process in the countries is optimal. 

My sample includes East European countries like Poland, Czech Republic and Slovakia 

which underwent a transition period after 1989. To leave room for changes towards 

market-oriented structures, I start my observation period in 1995. To ensure comparability 

across countries and years, I exclude countries for which less than four years are available 

from my sample.54 In total, I end up with 217 observations which are representative for 

                                                 
54 This is the case for Switzerland, Austria and Luxembourg, which are observed only for one and two years 
respectively. 
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nonparametric estimation of relative efficiency by means of DEA under both (VRS and 

CRS) assumptions.  

The underlying model for nonparametric efficiency analysis has to be robust against 

outliers and extreme values in the sample. To ensure a consistent and robust technology 

frontier I conduct ex ante outlier detection by means of super-efficiency analysis. I apply 

the criterion outlined in Banker and Chang (2006) and define outliers by an efficiency 

score of larger than 1.2. Only two observations obtain an efficiency score larger than 1.2 

and are excluded from further calculations.55 The small amount of observations revealing 

an efficiency score above 1.2 indicates that my frontier is not spanned by a number of 

unrealistic and extreme data points. Therefore, I claim the frontier being robust and 

consistent for the relative efficiency measurement of the remaining countries within the 

sample (214 observations). 

I compare three model specifications as outlined in Section 5.3 (Table 5.2). The difference 

between model 1 and model 2 is the weighting scheme applied when deriving the patent 

aggregates. Model 1 uses weights for multiple inventors while model 2 involves double 

counting. As expected the results are highly similar due to strong correlation and a rank 

correlation of about 0.97.  

                                                 
55 The deleted observations are Iceland (1996, 1999) and Slovak Republic (1996). Due to significantly lower 
efficiencies in the rest of the time period I assume data problems for both countries in these years.  



 

 105 

Table 5.5: Results for Different Model Specifications (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 0.883 Netherlands 0.699 
Belgium 0.854 Iceland 0.874 Finland 0.606 
Netherlands 0.780 Belgium 0.870 Iceland 0.565 
Finland 0.692 Netherlands 0.685 Japan 0.557 
New Zealand 0.685 Ireland 0.679 Italy 0.540 
Iceland 0.658 New Zealand 0.632 Belgium 0.487 
Italy 0.650 Finland 0.620 Denmark 0.483 

Ireland 0.573 
Slovak 
Republic 0.613 Sweden 0.464 

Denmark 0.565 Japan 0.608 France 0.373 

Japan 0.557 Hungary 0.541 
United 
Kingdom 0.331 

Slovak 
Republic 0.556 Italy 0.509 Ireland 0.320 
France 0.400 Denmark 0.497 New Zealand 0.314 

United 
Kingdom 0.379 France 0.350 Norway 0.248 

Hungary 0.339 
United 
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 0.119 

Canada 0.202 Australia 0.205 
Slovak 
Republic 0.089 

Portugal 0.174 Portugal 0.144 
Czech 
Republic 0.079 

Argentina 0.145 
Czech 
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 slightly in the midfield (see for instance Italy 

and Ireland), which could be caused by the different degree of engagement in cross country 

research projects and country size. 

In model 3 I use aggregated R&D expenditures as inputs instead of R&D expenditures by 

source. Compared to the first model I find a somewhat lower rank correlation (0.90) and 
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slight changes in the ranking with the main difference being Sweden losing its top 

position.56  

Table 5.6: Efficiency Scores for Model 1  

According to Different Approaches (CRS, VRS, Scale Efficiency) 

Country 

Average 
Efficiency 
CRS 

Average 
Efficiency 
VRS 

Average 
Scale 
efficiency 

Returns to 
scale57 

Argentina 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 

Netherlands 0.777 0.780 0.996 irs 

New Zealand 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  

I argue in favor of model 1 since I believe that disaggregating the inputs provides a more 

detailed picture of the research process in countries and therefore adds useful information 

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

                                                 
56 Sweden is in particular efficient with respect to government expenditures on R&D. Aggregating over R&D 
by source eliminates the unique features with respect to different sources, thereby reducing Sweden’s 
efficiency.  
57 Returns to scale are calculated for each observation at each point in time; Exhibiting a property more than 
five times is my criterion for determining country-specific returns to scales. 
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counts, double counting of outputs overestimates efficiency. Hence, I prefer model 1 to 

model 2. The relative R&D and scale efficiency scores of my benchmark model 1 are 

provided in Table 5.6.  

The difference between the CRS and VRS scores indicates scale efficiency. Table 5.6 

shows that the majority of countries are not characterized by an optimal size of the 

research production process with respect to input allocation. Only Germany, France and 

the United Kingdom feature constant returns to scale while Sweden, the United States and 

Japan show decreasing returns to scale.  

The intertemporal frontier estimation exhibits an average technical efficiency of 0.39 in the 

CRS specification and 0.45 in the VRS specification. This is relatively low compared to 

other empirical work. It indicates that large inefficiencies are present within the knowledge 

production process. The low mean efficiency might also be explained by the fact that the 

sample includes low innovation intensive countries like China or Korea from 1995 

onwards. These countries only started recently to adapt their R&D expenditures to increase 

patent output. Furthermore, the intertemporal frontier is defined by the latest years in my 

sample, indicating that technological progress took place over time. Hence, it is not 

surprising that covering a larger time span lowers mean efficiency.  

I calculate the mean annual efficiency from 1995 to 2004 by averaging over the individual 

efficiency scores of the countries per year. Implicitly I make the assumption of a constant 

intertemporal frontier and thereby consider the relative changes of the countries’ positions 

towards the estimated DEA technology frontier. Two aspects motivate this: first, I face a 

small annual sample size (of less than 30 observations), which makes it difficult to obtain 

robust and meaningful results. Second, I do not have a balanced panel data set, which 

prevents me from comparisons of different frontiers for different years by means of e.g. 

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

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

followed by the United States and smaller countries like Belgium, the Netherlands and 

Finland. These countries could serve as peers to help improve performance of the least 

efficient countries. Compared to other European regions, most Scandinavian countries are 

located between the top third of the performance ranking. In the case of the United States 

the high performance is remarkable since European Patent Data are used which usually 

lead to a home bias that would benefit European countries. Therefore I find the United 
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States be one of the leading and most efficient countries in R&D worldwide. In light of this 

estimation bias, the position of Japan is also worth mentioning since its performance is 

above average and it is - as expected - the leading Asian country. This is probably due to 

their leading role in communication and electronics as well as in the R&D intensive 

pharmaceutical industry. 

The innovative capacity of advanced industrial countries is their most important source of 

prosperity and growth. Overall, my results suggest that a matured economic system leads 

to higher R&D efficiency compared to countries still developing their industry and 

technology pattern. Therefore, it is not surprising that the red lantern goes to Poland, 

Mexico and China which are characterized by a very low capacity of knowledge 

production, suggesting that they are still in the phase of imitating and replicating existing 

technologies, while only little effort is made on innovating at the world technology 

frontier. 

5.4.2 The Impact of Regulatory Environmental Factors 

In the second part of my empirical analysis, I test the influence of the regulatory 

environment on R&D efficiency according to the semi-parametric two-stage approach 

suggested by Simar and Wilson (2007). I argue that regulation reduces competition by 

raising barriers to entry and thereby lowering competitive pressure and the incentives to 

innovate efficiently.  

My econometric model is specified as follows: I begin by regressing output oriented VRS 

efficiency scores obtained in the first stage on the sub-domain level indicators (regulatory 

and administrative opacity, administrative burdens on startups and barriers to competition). 

 
ii zwzwzwzwzwzwzwTE εββββ ++++++++=

∧
)()()( 776635544332221110   (5.6) 

∧

iTE represents the Farrell output efficiency scores, ranging from one to infinity with a 

value of one revealing full efficiency. Hence, a positive beta-coefficient indicates an 

efficiency loss caused by the corresponding variable. 

Since the sub-domain level indicators are obtained by aggregating over the low level 

information, I further test for specific influence of the low-level indicators (licenses and 
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permits system, communication and simplification of rules and procedures, administrative 

burdens for corporation, administrative burdens for sole proprietor firms, sector specific 

administrative burdens, legal barriers and antitrust exemptions). 

 
ii zzzzzzzTE εββββββββ ++++++++=

∧

776655443322110   (5.7) 

In a third step I conduct a robustness check, identify the statistically significant 

disaggregated indicator from the previous estimation and test their influence in a separate 

estimation.  

 
ii zzzTE εββββ ++++=

∧

7755220   (5.8) 

My estimation results are provided in Table 5.7. I find that the aggregated sub-domain 

indicators do not have a significant impact on R&D efficiency as can be seen from the 

bootstrapped confidence intervals. However, this cannot be interpreted as regulation being 

irrelevant for innovation since these indicators encompass various aspects providing an 

average image of barriers to entry. To obtain a more detailed picture regarding the different 

components, the effects of the aggregated indicators are disentangled by assessing their 

influences separately. My estimation results suggest that three low-level indicators, namely 

communication and simplification of rules and procedures, sector specific administrative 

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

bootstrapped confidence intervals. A positive impact implies that lowering the degree of 

regulation in these specific areas lowers barriers to entry and thus significantly increases 

R&D efficiency. 

The low-level indicator on communication and simplification of rules and procedures 

could be interpreted as summarizing stumbling blocks related to the collection of 

information on start-up requirements, the enforcement of regulation and the treatment of 

administrative burdens. Therefore, less regulation in this field suggests an emphasis by the 

government on activities that facilitate innovation and entrepreneurship. This could be 

interpreted as a relevant factor stimulating competition by encouraging potential entrants to 

start a business.  

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

the sector-level reduce R&D efficiency significantly. This result is probably mainly driven 
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by country-specific heterogeneity since it depends on the economic importance and size of 

the sectors being regulated in an economy. Therefore, it implies that competitive barriers 

may play a larger role in specific sectors of the economy.  

The third low-level indicator exhibiting a significant impact in my study covers antitrust 

exemptions for public enterprises. This is not surprising since the incentive of public 

enterprises to strengthen their position by innovation is reduced when they are protected by 

governmental regulations. Hence, antitrust exemptions are accompanied by lower R&D 

efficiency since there is less pressure on companies to innovate and patent efficiently. 

Table 5.7: Estimation Results 

The PMR Indicators Variable Lower bound 
Estimated 
Coefficient Upper bound 

  weighted sum58:     

Regulatory and administrative 
opacity 

 
z1+z2 -7.350 2.484 8.944 

Administrative burdens on startups z3+z4+z5 -18.018 15.152 29.311 

Barriers to competition z6+z7 -9.878 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 

Administrative burdens for 
corporation z3 -1.071 4.426 12.107 

Administrative 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 

Antitrust 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, * significant at 10% level 

                                                 
58 The weights are taken from Conway et al. (2005) and are derived from principal component analysis. 
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The robustness check, which evaluates solely the significant low-level indicators, 

corroborates my findings from the previous estimations with slightly larger point estimates 

and confidence intervals.59  

Overall, my results can be summarized as follows: the decision of potential entrants to start 

a business depends considerably on their regulatory environment. A highly regulated 

product market might dissuade people from entering and thereby reduces competition and 

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

5.5 Conclusions   

This chapter assesses the relative efficiency of public and private R&D expenditures in the 

OECD using nonparametric efficiency analysis approaches, a data envelopment analysis 

(DEA) technique. In times of globalization the efficient usage of the scarce resources a 

country invests in R&D becomes increasingly important. Therefore, I shed light on the 

R&D efficiency differences among OECD countries and its relationship to a country’s 

regulatory environment.  

The empirical analysis is conducted in two steps: in the first stage, an intertemporal 

knowledge production frontier is estimated. My results suggest that Sweden, Germany and 

the United States belong to the best performing countries, located on or close to the world 

technology frontier. These countries could serve as peers to improve efficiency for less 

efficient ones. The innovative capacity of advanced industrial countries is their most 

important source of prosperity and growth. Thus, my results confirm the idea that a mature 

economic system leads to higher R&D efficiency compared to countries still developing 

their industry and technology pattern. The red lantern in case of R&D efficiency goes to 

Mexico and China which are characterized by a very low rate of knowledge production, 

suggesting that they are still in the phase of imitating and replicating existing technologies, 

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

Government policies aimed at encouraging R&D play a major role in ensuring a sufficient 

level of R&D spending. I hypothesize that regulation reduces competition by raising 

barriers to entry, thereby lowering competitive pressure and the incentives to innovate 

efficiently. In the second stage of the analysis I assess the impact of the regulatory 

                                                 
59 Due to large confidence intervals caused by the parametric bootstrap procedure I limit myself to 
interpreting the direction of the influence instead of the size of the point estimate.  
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environment on R&D efficiency, using the recently developed single bootstrap procedures 

developed by Simar and Wilson (2007). The regulatory environment is described using the 

indicator of product market regulation provided by the OECD.  

My estimation results show that the low-level indicators on communication and 

simplification of rules and procedures, antitrust exemptions and sector specific burdens 

have a significant impact, suggesting that larger degrees of regulation in these fields lowers 

R&D efficiency. Overall, the results confirm the hypothesis that high regulation in product 

markets dissuades potential entrants, especially entrepreneurs, by imposing barriers to 

entry, thereby reduces the competitive pressure for existing 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, Material, Process 
2) Nanotechnology 
3) Life and agricultural sciences and testing methods 
4) Stock materials; articles (e.g., layered products, filters, batteries) 
5) Compositions and synthetic resins; chemical compounds 
6) Chemical processing technologies: processes and apparatus (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; stationery, books 
34) Manufacturing, assembling, including some correlative miscellaneous products 
35) Cutting, comminuting, and machining 
36) Miscellaneous treating 
37) Handling or storing sheets, webs, strands, and cable 
38) Machine elements or mechanism 
39) Miscellaneous hardware 
40) Tools 
41) Joints and connections 

42) Fastenings 
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Appendix 260 

Chandler 
Segment61 

SIC Description SIC Code 

High-Tech: 1 Electronic computing equipment 3570-3573 3575 3576 3577 
  Calculating machines excl. comp. 3578 
  Refrigerating & heating equip. (comml) 3580-3582 3585 3589 3596 
  Power distribution & transformers 3612 
  Switchgear & switchboard apparatus 3613 
  Motors, generators & industrial controls 3600 3620 3621 3622 3625 
  Electronic & electric coils & connectors 3524 3677 
  Household refrigerators & freezers 3630 3631 3632 3633 3635 3639 

  
Lighting fixtures & equipment 3640 3641 36425 3646 3647 

3648 
  Primary & storage batteries 3691 3692 3693  
  Engine elctrical equipment & misc 3694 3699 
  Electronic & electric connections 3643 3644 3678 
  Electronic signaling & alarm systems 3669 
  Radio & TV broadcasting sets 3663 
  Radio & TV receiving sets 3651 
  Records, magnetic, &optical recording 3652 3690 3695 
  Communication equipment 3661 3662 3669 4810 4812 4813 
  Electron tubes 3671 
  Semiconductors & printed circuit boards 3672 3674 3675 3676 
  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 3840 3841 3842 
  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 2950 2951 2952 2990 2992 2999 
  Petroleum & refining 291x 1311 1389 
  Steelworks, rolling & finishing mills 331x 
  Iron & steel foundries 332x 
  Primary metal products 339x 
  Prim aluminum smltg, reg, roll, &draw 3334 3353 3354 3355 
  Primary smeltg & refing (non-ferrous) 3330 3331 3332 3333 3339 
  Secondary smeltg & refing (non-fer.) 334x 
  Rolling, drawing, & extruding of nonferr. 3350 3351 3356 
  Drawing & insulating of nonfer. wires 3357 

                                                 
60 Source: Hall and Vopel (1997) 
61 Segments (High-, Low- and Stable-Tech) were derived by Chandler (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, monorails 3535 3536 3537 
  Mach. tools, metalworking eq. & acc. 354x excl. 3548 
  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 fans 3563 3564 3634 
  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 307x 3080 3084-3089 
  Unsupported plastics, films &sheets 3081 3082 3083 

  
Packing & sealing dev. & fab. rubber nec 3050 3051 3052 3053 3060 3061 

3069 
  Glass & glass products 321x 322x 323x 
  Cement 324x 
  Structural clay products 325x 
  Pottery & related products 326x 
  Concrete, gypsum & related prods 327x 
  Abrasive asbestos & mineral wool prods 329x 
  Metal cans & containers 3411 3412 
  Cutlery & hand tools 342x 
  Heating equipment & plumbing fix. 3430 3431 3432 3433 3437 3467 
  Fabricated structural metal 344x 
  Screw machine products, bolts, nuts 345x 
  Metal forgings, plating & coating 346x 347x 
  Wire springs & misc. metal prods. 3495-3499 
  Ordnance & accessories 348x 
  Valves & pipe fittings 3490 3491 3492 3493 3494 
  Perfumes & toilet prods. 2844 
  Soaps & cleaning products 2840-2843 
  Motor vehicle parts & accessories 3714 
Low-Tech: 4 Meat products 2010 2011 2013 2015 2016 
  Dairy products 2020 2021 2022 2023 2024 2026 

  
Canned & frozen foods 2030-2032 3037 2038 2053 3091 

3092 
  Processed fruits & vegetables 2033 2034 2035 2068 2096 
  Breakfast cereals 2043 
  Animal feed 2047 2048 
  Grain mill products 2040 2041 2044 2045 
  Wet corn milling 2046 
  Bakery products 2050 2051 2052 
  Sugar chocolate & cocoa prods. 2060-2067 
  Fats & oils 207x 
  Malt & malt beverages, alcoholic bev. 2082 2083 2084 2085 
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  Soft drinks & flavourings 2080 2086 2087 
  Miscellaneous preproduced food 2090 2095 2098 2099 
  Tobacco products 21xx 
  Textile mill products 22xx excl. 2270 2273 
  Rugs 2270 2273 
  Apparel 23xx 3965 
  Footwear, rubber & leather 3021 314x 

  
Leather & leather products 310x-313x 315x 316x 317x 319x 

3961 
  Logging & sawmills 241x 242x 
  Millwork, veneer & plywood 243x 2450 2451 2452 
  Wood products 244x 249x 
  Household furniture 251x 
  Office furniture 252x 
  Shelving, lockers, office & store fixtures 253x 254x 259x 
  Pulp, paper & paperboard mills 261x 262x 263x 
  Industrial paper & paper products 2600 264x 265x 266x 
  Converted paper - household use 267x 
  Commercial printing 275x 2796 
  Printing & publishing 27xx excl. 275x 2796 
  Musical instruments 3931 
  Sporting & athletic goods 3949 
  Dolls, games & toys 3942 3944 
  Pens, pencils, & other office & artists mat. 395x 
  Misc. manufacturing industries 399x 
  Jewelry & watches 3873 3910 3911 3914 3915 396x 
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