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Abstract

This thesis explores the causal relationships between tax incentives, research
and development (R&D) and productivity. Using R&D survey data from the
United Kingdom (UK) Office for National Statistics and administrative data on
corporation tax returns from HM Revenue and Customs, I first conduct empirical
analyses of tax incentive policies for R&D, and then estimate the elasticity of
output with respect to firms’ own R&D efforts as well as external R&D performed
by neighboring firms in technology and product space. In the first two chapters
which focus on tax incentive policies and their evaluation, I am able to identify the
policy effect of interest by exploiting two significant reforms in the UK in 2002 and
2008. I find that tax incentives had a positive and significant stimulating effect on
businesses’ R&D spending. I argue that the availability of a quasi-experimental
set up helps in better identifying the policy impact. The production function
estimation exercise in the third chapter shows that double counting of R&D
human resources and materials in the production function causes the elasticity
of output with respect to the firms’ own R&D to be substantially underestimated.
I also find that the R&D done in multi-unit enterprise groups is productive for
the production facilities which themselves do not perform R&D. The Jaffe (1986)
and Bloom et al. (2013) measures of external R&D, which account for closeness
of firms in technology and product space can be constructed and included in the
production function in the spirit of Griliches (1979). I find that the point estimate
for the elasticity of output with respect to firms’ own R&D is around 3 percent
and statistically significant. Evidence is mixed regarding the productivity effects
of R&D carried out by competitors in the product market or neighboring firms
in technology space. The detailed data sets used in this study offer valuable
resources for empirical work on R&D and productivity.
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Introduction and Motivation

Productivity differences are persistent and pronounced, and policymakers around

the world have embraced the idea of adopting ambitious research and development

(R&D) and innovation programs with the aim of giving a boost to productivity and

growth. Since 2000, the United Kingdom (UK) has been expanding its support to

R&D activity by businesses, acknowledging that its R&D and productivity performance

has consistently been weaker than many developed countries in the recent decades.

Business R&D intensity, measured by total business R&D as a share of its value added

remained below those of the United States (US), Japan, France and Germany, which

may be considered comparators for the UK. The UK private sector spent around 1.1

percent of its total value added on R&D in 2012, while this ratio was around 2 percent

for the US and for Germany1.

An ambitious R&D and innovation policy agenda is justifiable in economic theory.

The decentralized market equilibrium level of private R&D falls short of the social

optimum (Jones and Williams (1998)), which is an idea that has its roots in the seminal

work of Arrow (1962). The private sector underinvests in R&D partly because R&D

spillovers prevent firms from reaping all the proceeds from their R&D efforts and partly

because the firms are unable to fully insure against the risks involved in inventive

activity.

Empirical work on the effectiveness of R&D policy and the productivity of R&D

faces both data and estimation-related challenges. Micro data on R&D is scarce, and

usually available only for larger firms. Investment in R&D, which is treated analogously

to investment in physical capital in the literature2, is a combination of the R&D labor

1Source: OECD Main Science and Technology Indicators
2This train of thought follows Griliches (1979).

1



force - composed of scientists, engineers and R&D support staff -, supplies and R&D

capital goods. This generates measurement issues because R&D labor, materials and

capital are also measured as part of ordinary inputs unless the breakdown of these

inputs into their components of R&D, production and other activities is available in

the data. Other measurement challenges are related to the conversion of R&D flow into

a ‘knowledge stock’ variable, the choice of appropriate R&D deflators, determining the

lag structure, and quantifying spillovers (Hall et al. (2009)). Identification challenges

arise from simultaneity and reverse causality concerns.

In this thesis, I explore the causal relationships between tax policy, R&D and

productivity using micro level data on R&D in the private sector. Chapter 1 and

Chapter 2 focus on the impact of tax policy on R&D spending and present quasi-

experimental evaluations of tax incentive policies in the UK, exploiting the variation

in the tax price of R&D thanks to two significant reforms in 2002 and 2008. This policy

set up, which features two major discontinuities (for which suitable data is available),

offers a unique opportunity for identifying the impact of tax policy on private R&D

using quasi-experimental designs. Chapter 3 then examines the contribution of R&D

to micro level productivity, considering R&D that is both internal and external to the

firm. In Chapter 3, I investigate the productivity impact of three different layers of

R&D activity on UK manufacturing firms. The first is the effect of R&D carried out

in an R&D-performing unit’s own productivity. The second is the productivity effect

on a production unit of R&D performed by the other members of a multi-unit group.

The third is the R&D external to the group, which in this context, refers to the R&D

performed by neighboring firms in the technology and product market space. I use

detailed information on both the sectors of R&D and the sectors of manufacturing

activity from official R&D and production surveys, which make it possible to address

some of the measurement issues that arise in estimating the elasticity of output with

respect to firms’ own and external R&D.

In order to increase private spending on R&D, governments have started to rely

heavily on fiscal incentives. The UK’s 2011 Budget Document introduced the much

debated ‘Patent Box’ policy, which grants a ‘reduced 10 percent rate of corporate tax
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for profits arising from patents, effective from April 2013’3. In the same document, the

Government proposed an enhancement to the small and medium enterprise (SME) tax

incentives. The SME scheme started in 2000 with a rate of relief amounting to 150

percent of eligible expenses. In 2008, the SME definition was expanded to include a

group of larger firms, and the 150 percent deduction rate was raised to 175 percent,

followed by further increases to 200 percent in 2011 and to 225 percent in 2012. The

large company scheme has been in place since 2002. A prominent question now is

whether the impact is high enough for these enhanced tax incentives to generate the

desired level of R&D expenditures by the private sector.

With these policy considerations in mind, Chapter 1 of this thesis exploits the

differential change in the user cost of R&D after the introduction of the R&D Tax Relief

for Large Companies. When the policy was introduced in 2002, SMEs were already

benefiting from the R&D Tax Relief for SMEs, which had been introduced at an earlier

date. Therefore, enterprises that were just below the SME size threshold in 2002, and

hence had been eligible for the SME scheme, constitute a natural control group, while

the slightly larger enterprises that only started benefiting from the scheme in 2002 are

allocated to the treatment group in the analysis. As the review of the literature on

tax incentives for R&D by Hall and Van Reenen (2000) highlights: “A long-standing

problem in the investment literature is the intractability of finding exogenous variation

in the user cost of capital (p.450)”. The quasi-experimental set up in this paper offers

such exogenous variation and distinguishes the paper from others in the literature.

The policy discontinuity allows for the use of a difference-in-differences methodology

for identification. Using this methodology, in Chapter 1, I find that the treated firms

increased their R&D spending differentially by about 18 percent after the introduction

of the policy, implying a user cost elasticity estimate around -1.4.

Both Chapter 1 and Chapter 3 benefit from micro data provided by the Office

for National Statistics (ONS). In Chapter 1, the ONS data set Business Enterprise

Research and Development Survey (BERD) is matched with the Business Structure

Database (business register), providing information on employment, turnover and own-

3Treasury (2011); p.56, Article 2.71
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ership structures for all UK enterprises as well as R&D.

Chapter 2, which is co-authored with Li Liu, builds on the R&D tax incentive

policy set up introduced in Chapter 1, this time exploiting a later policy change which

radically reduced the user cost of R&D capital for companies which have between

250-500 employees. The 2008 reform studied in Chapter 2 doubled the employment,

turnover and asset thresholds for defining an SME in the context of eligibility to the

more generous SME scheme, reducing the user cost of R&D capital for these companies

by up to 29 percent. The availability of administrative panel data from the HM Revenue

and Customs (HMRC) on the universe of corporate taxpayers in the UK makes it

possible to move from the ‘intent to treat’ approach of Chapter 1 to actual treatment

in Chapter 2, and exploit the panel dimension of the data set in addressing the intensive

margin question about the effectiveness of R&D tax incentives. We are also able to

observe a set of tax-related variables and control for possible effects of the tax position.

To our knowledge, the corporation tax returns data set is being used for the first time

in the R&D context. We find that the companies whose status changed from ‘large’ to

‘SME’ roughly doubled their R&D intensity for spending that qualifies for R&D tax

incentives, increasing this ratio on average by about 12 percentage points in response

to the policy change. This finding is robust to benchmarking against different control

groups composed of slightly larger and slightly smaller companies than the treated

ones.

Chapter 3 connects R&D with productivity and presents estimates of the elasticity

of output with respect to the R&D input. If R&D is productive, or a certain type of

R&D is found to be more productive than others, then it may be desirable to adjust the

policy framework to encourage such activities. The data used in Chapter 3 provides

sufficiently disaggregated information at the micro level to quantify the downward bias

in the elasticity estimates due to the mismeasurement (double counting) of labor and

materials. I find that a substantial portion of the contribution of firms’ own R&D to

productivity is overlooked when the double counting correction is not possible. The

point estimates for the reporting units’ own R&D elasticity increase from 0.6 percent

to 2-3 percent after the correction. For the production units that do not carry out
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R&D themselves, the elasticity of output with respect to the R&D performed by the

other members of the group is estimated to be 0.6 percent and significant. Regarding

the elasticities with respect to R&D that is external to the firm, I find mixed results

depending on the particular measure of external R&D that is used.

Motivated by the global trends in ambitious private R&D and productivity policies

and the availability of micro level data from the UK, the three papers that constitute

the first, second and third chapters of this thesis present individual empirical analyses

that endeavor to pinpoint the causal relationships between tax policy, R&D and pro-

ductivity. Each of the chapters has a similar structure, beginning with an introduction,

followed by a background or methodology section, which also presents a review of the

literature (Chapter 3 presents empirical evidence in the literature in a separate chap-

ter). Each of the chapters has a dedicated data section which describes the data sets

merged and used in these studies and presents summary statistics. The data sections

are followed by the empirical analysis, results and robustness checks. There are sep-

arate concluding sections in each of the chapters, and Chapter 4 concludes the thesis

with an overall discussion of the findings and future work that emerges from the three

chapters. References are listed separately at the end of each chapter.
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Chapter 1

Tax incentives and R&D:

an evaluation of the 2002 UK reform using micro data

Abstract

The United Kingdom introduced an R&D tax incentive scheme first for SMEs

in 2000 and then for large firms in 2002, gradually increasing the generosity of

both schemes after 2008. This study exploits the differences between companies

with similar characteristics that were just above the size threshold for eligibility to

the SME scheme and those that were just below, before and after the 2002 reform.

This allows for a difference-in-differences approach to measure the (additional)

impact of the tax incentives on firms around this size threshold. Treatment group

firms are found to have increased their R&D spending by around 18 percent on

average in response to the large company tax incentive, implying a user cost

elasticity of -1.35. We do not find significant differences in this effect between

sectors.

JEL Classification: H25, O31, O38

Keywords: R&D, tax credits, difference-in-differences
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1 Introduction

Private returns to knowledge production have been shown to fall short of its social returns in the

pioneering work of Arrow (1962). Inappropriability of innovation outputs and technology spillovers

reduce the private sector’s incentives to engage in the socially optimal level of innovative activity. Due

to the public good nature of research and development (R&D) investments, governments have been

actively supporting R&D performed by businesses.

This paper uses a difference-in-differences approach to investigate the effects of tax incentives for

R&D, using the micro level Business Enterprise Research and Development (BERD) data for the UK.

A clear cut discontinuity in the design of the schemes is exploited in order to identify the policy impact.

A difference-in-differences approach has been possible thanks to the step by step implementation of

the tax incentive scheme in the UK. Medium sized firms in the treatment group have been found to

increase R&D spending by about 18 percent, indicating an implied user cost elasticity of around -1.35.

The tax incentives are found to have prevented a downward trend in R&D spending. Despite this

paper’s focus on the UK case, the implications are general for tax incentives and R&D policy.

Medium sized firms are an important engine for innovative activity. Measuring SMEs’ contribution

to R&D is difficult, as reporting of formal R&D in published accounts is only compulsory for larger

corporations. However, the entrepreneurship and innovation literature documents the role played by

SMEs in aggregate innovative activity, emphasizing the importance of small businesses in the forward

leap of the United States (US) in innovation towards the end of the twentieth century (Acs and

Audretsch (1993)). The data used in this study enables that the effect of an R&D tax incentive on

medium sized firms be identified.

The UK scheme is particularly suitable for the difference-in-differences design to analyze medium

sized firms, thanks to the timing differences in the introduction of tax incentives first for SMEs and

then for large companies. This allows the examination of the effect on firms that were marginally

above the size threshold for eligibility to the SME scheme, as they started benefiting from R&D tax

incentives only in 2002, exactly two years after the introduction of the SME tax incentive scheme.

Firms that were marginally below the size threshold for eligibility to the SME scheme then constitute

the control group for this study. The treatment and control groups are limited to medium sized

companies to maintain comparability between the two groups.

In most policy implementations, the announcement of the scheme before implementation may

cause changes in the behavior of affected agents. With investment tax breaks, it can be expected that

firms may delay their investment spending for a few periods until the introduction of the policy to

attain the maximum possible benefit from the pre-announced incentive schemes. In the estimation

stage, this paper explores the possibility of firms delaying their R&D spending strategically to increase

the benefit from the policy.

9



The next section presents some aggregate trends in the R&D performance of UK businesses,

followed by a summary of relevant events that took place in the run up to the introduction of R&D

tax breaks and a description of the tax incentive schemes in the UK. It then outlines the theoretical

background, while reviewing the existing literature on evaluating R&D tax incentive schemes. The

third section describes the data, the fourth section presents the estimation procedure and robustness

checks and the final section concludes.

2 Background

2.1 Trends in the R&D intensity of the UK private sector

The OECD Frascati Manual (OECD (2002)) sets out clear guidelines for defining research, de-

velopment, R&D personnel, R&D capital goods, facilities, and other related terminology. The main

expenditure items for R&D activities are:

- Current expenditures: labor, materials, supplies and ‘other’;

- Capital expenditures: land, buildings, instruments, equipment and software.

The main sectors which fund R&D activities are: (i) business enterprise1, (ii) government, (iii) private

non-profit, (iv) higher education, (v) abroad. Having obtained the funding from these sources, public

or private sector institutions then ‘perform’ R&D. Therefore, ‘funding’ and ‘performance’ of R&D

need not take place under one roof. The main focus here is the business enterprise sector expendi-

tures on research and development (BERD), which corresponds to the R&D performed by the private

sector.

R&D intensity measures the ratio of R&D expenditures to an output measure, which can be the

gross domestic product in the macro context. In the past several decades, the UK private sector’s R&D

investment performance has been sluggish both in absolute terms and in terms of BERD intensity

with respect to comparators such as the United States, Germany, France and Japan.

The OECD Structural Analysis (STAN) and Analytical Business Enterprise Research and Devel-

opment (ANBERD) Databases report cross country time series data on R&D expenditure volumes

and provide a sectoral breakdown. Using these figures, cross country comparisons of R&D intensities

can be obtained, as in Figure 1. Figure 1 shows that total BERD as a share of value added has been

lower in the UK than in Japan, Germany, France and the USA over the period 1990-2008. Earlier

1In the Frascati Manual, ‘Business enterprise’ is defined as ‘all firms, organizations and institutions
whose primary activity is the market production of goods or services (other than higher education) for
sale to the general public at an economically significant price’ and ‘the private non-profit institutions
mainly serving them (p.54)’. For the private non-profit institutions, their allocation to the business
enterprise sector as opposed to the private non-profit sector depends on how they are administered
and financed. The decision mechanism for such institutions can be found in the Frascati Manual
(p.55).
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Figure 1: Total BERD intensity, UK and comparators

Source: OECD

studies (see, for instance, Van Reenen (1997), Griffith and Harrison (2003)) have shown that this

relative decline of UK BERD intensity has been continuing for several decades. At this aggregate

level without controlling for any other factors, the introduction of tax credits for R&D spending in

the UK in 2000 and 2002 appears to have had little impact.

Despite the poor relative performance in overall BERD intensity, the UK manufacturing sector

BERD as a share of manufacturing sector value added, in contrast, has shown a steady increase and a

tendency toward catching up with its peers. This is illustrated in Figure 2, which shows that the UK

manufacturing sector BERD intensity has been rising over the most recent decade for which this data

is available and since the UK R&D tax credits were introduced. In 2000s, as the UK manufacturing

sector BERD intensity experienced a rise, so did its competitors’; France, Japan and the US all

experienced steep rises, with only Germany demonstrating a rather horizontal trend. In an earlier

paper, we noted that these peer trends in neighboring countries may have been a significant factor in

driving the rise in the UK manufacturing sector R&D intensity, but even controlling for these effects,

the UK experienced a steeper rise starting around the time of introduction of the R&D tax incentives

(Bond and Guceri (2012)).

In general, BERD performed by the services sector as a share of this sector’s value added is

much lower than that of manufacturing. The share of manufacturing sectors in total UK value added

dropped from 26 percent in 1980 to 13 percent in 2007, while the share of service sectors has risen

from 56 percent to 76 percent. It is therefore reasonable to argue that the compositional shift in the

UK economy towards service sectors is among the primary reasons for the declining overall BERD

intensity in the UK.

Within manufacturing sub-sectors, there are large heterogeneities in trends of R&D intensity,

11



Figure 2: Manufacturing sector BERD intensity, UK and comparators

Source: OECD

which can be observed in Figure 3 for broad technology groups2. The UK high technology sectors

have experienced a steep rise in R&D intensity starting in 1997, while R&D intensity in medium

technology sectors did not demonstrate similar trends over the same period. If we magnify the

neighborhood of medium high and medium low technology sectors, as in the right hand side panel of

Figure 3, it can be observed that the increasing trend starting in late 1990s is much more mild for

these sectors, with small drops in R&D intensity in some of the years. It is therefore fair to argue

that the increasing trend in the UK manufacturing sector R&D intensity was driven mostly by the

high technology sectors.

From the point of view of the neoclassical theory of investment, there does not seem to be an

obvious reason for different sectors to be affected differently by the implementation of a tax incentive

scheme for R&D. In Section 2.3, I discuss these theoretical underpinnings and in the empirical analysis,

conduct checks to examine whether there is significant sectoral heterogeneity in firms’ response to the

R&D tax incentives at the micro level.

Higher technology sub-sectors of manufacturing have been growing both in their total R&D spend-

ing and also in terms of value added (Figure 4). While the total value added and R&D intensity of

higher technology industries have been increasing, the number of such enterprises and their total

employment have been falling3. Such reallocation within manufacturing towards higher technology

2A technology classification is available by the OECD, where the groups are identified as high
technology, medium high technology, medium low technology and low technology sectors. The latest
version of the classification is explained in the OECD Science, Technology and Innovation Scoreboard
for 2003 and it is based on three indicators for technology and R&D intensity, averaged over ten large
OECD countries.

3Source: OECD and Business Structure Database over 1998-2007 made available through the
Secure Data Service.
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Figure 3: BERD intensity of technology groups

Source: OECD

sub-sectors is commonly observed in developed economies. One explanation for this shift is discussed

in the empirical trade literature, which finds that import competition drives productivity higher in

lower technology import-competing sectors while moving the focus of local manufacturing towards

more high technology sectors. Such movements may explain the steeper rise in R&D intensity of UK

manufacturing after 1997 (See, among others, Pavcnik (2002) and Bloom et al. (2011)).

Figure 4: Total value added in constant (2000) prices by manufacturing sub-sectors

Source: OECD
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2.2 The UK R&D tax incentive scheme in early 2000s

The term ‘R&D tax credit’ is often used to refer to the general class of fiscal incentives which allow

a special treatment of R&D expenditure for tax purposes, encompassing a range of tax incentives

for both current and capital expenditures: tax credits, cash credits, enhanced deductions, special

depreciation allowance terms, enhanced loss carrybacks and carryforwards, to list a few. The treatment

of R&D expenditure is different for economic, accounting and tax purposes. From an economic

perspective, R&D is a type of investment; its main objective is to generate higher revenues in the

future. From an accounting perspective, on the other hand, the majority of R&D is treated as current

expenditure and such expenditure is 100 percent deducted against current revenue in the calculation

of profits each period. If there are no special tax incentives, the tax treatment is broadly in line with

the accounting treatment and most of the spending on R&D is expensed in the computation of taxable

income. For the small part of R&D that is capitalized, firms can only deduct from their accounting

profits some estimate of the depreciation charge on the stock of R&D capital in each period. Currently

in the UK, as in many other countries, both the current and the capital expenditures on R&D are

subject to a special tax treatment, and the details of this is explained in the rest of this section.

Tax incentive schemes for R&D can be of two types: (i) incremental, where firms benefit only

to the extent that they exceed some base level of R&D that they have previously been performing4

and (ii) volume-based, where firms enjoy benefits on all their R&D expenditure, regardless of their

past level. It is becoming more and more common to introduce or increase the emphasis on volume-

based schemes among industrialized countries, as these are simpler and can reach a larger group of

beneficiaries.

The UK R&D Tax Relief for Corporation Tax is relatively generous in the sense that both the

SME and the large company schemes are volume-based. The schemes are in the form of enhanced

deductions of qualifying current expenditures from taxable income. France had an incremental tax

credit until 2008, and then switched to a volume-based credit, greatly simplifying the design of the

preceding policy. The US provides an incremental tax credit with a 20-year carryforward option,

which is a longer time period than that allowed in most countries. Canada provides a volume-based

credit, and both Canada and the US also provide sub-national tax credits (See, for instance, Wilson

(2009) for a discussion of sub-national tax credits).

Discussions on a more favorable tax treatment of R&D in the UK began in the late 1990s and

more detailed consultations followed in the subsequent years. This was at least partly in response

to the declining trend in the R&D intensity of the UK economy overall, which was already at levels

below those of comparators such as France, Japan and Germany as demonstrated in Figure 1. Before

2000, when the first significant tax breaks were introduced, all of current expenditure on R&D was

4Countries apply different rules regarding the base R&D expenditure that the firm needs to exceed.
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100 percent deductible against taxable income and a subset of capital expenditures could be expensed

under the Research and Development Allowance5.

The UK R&D Tax Relief for Corporation Tax was introduced in two stages. First, the SME scheme

was implemented in April 2000 and then later in 2002, the large company scheme was introduced. The

SME scheme was a combination of an enhanced deduction and cash credits, with the former applying

to companies with positive taxable profits and the latter to those companies which incurred a tax loss

in the reference period. The SME scheme applied to companies which satisfied the SME definition

of the EC Regulation 1996/280/EC and allowed these firms to deduct, for every £100 of qualifying

R&D expenditure, £150 from their taxable income6. These companies could claim up to 24 percent

of their R&D expenditure in cash if they did not have taxable profit. The large company scheme was,

in a sense, less generous: it allowed the companies that were above the SME threshold to deduct,

for every £100 expenditure, £125 against taxable income and did not grant any cash credits. When

a SME conducts subcontracted R&D as a result of a contractual relationship with a large company,

then the R&D undertaken by the SME is also subjected to the deduction rates for large companies.

The enhanced deduction rates increased from 1 April 2008 onwards, and this was followed by a

change in the thresholds for defining an ‘SME’ for tax credit purposes7. The firm size thresholds

before the policy change are shown in Figure 5. These changes were announced in the 2006 Budget.

To reduce the risk of capturing changes to R&D following from this announcement, the empirical

analysis in this study uses data up to and including calendar year 2006 but not later.

According to the EU regulations, the SME definition consists of size thresholds and also require-

ments related to owner-subsidiary relationships8. This implies that small firms which are subsidiaries

of large companies, which own stakes over and above 25 percent in the firm, cannot benefit from the

SME incentive scheme. To qualify for the SME credit, companies need to satisfy the employment

criterion and then either the balance sheet size or the turnover criteria. Figure 5 depicts the relevant

size thresholds which define an SME in terms of pre-2008 criteria, which is the period relevant for this

study.

During the period of interest for this study, eligibility for the SME tax incentive required that the

company has fewer than 250 employees, and either a balance sheet size of less than e27 million (e43

million from 2005) or turnover less than e40 million (e50 million from 2005). In addition to having

satisfied these criteria, the company should not have been owned by a group that exceeds these limits,

or the individual subsidiaries, when aggregated, should not have exceeded these thresholds. Ownership

5Formerly known as the ‘Scientific Research Allowance’. These capital allowances are still available.
6SME definitions are explained in detail later.
7The size definition change took place on 1 August 2008, in line with the Corporation Tax Act

(CTA09/Ss1119 - 1121). Further detail is provided in Chapter 2 of this thesis.
8The criteria for eligibility to the SME tax incentive scheme was determined based on the relevant

EC Regulation. Depending on the year, these were: 1996/280/EC and 2003/361/EC, with the latter
taking effect for accounting periods ending later than 1 January 2005.
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Figure 5: Size thresholds for SME tax credit, early years

in this context refers to more than 25 percent of the capital or voting rights.

Earlier in the paper, I alluded to the possibility that companies may anticipate the introduction

of the tax credit and hence behave strategically by delaying their expenditures on R&D until after the

implementation of the policy. Such strategic behavior might have been likely in the case of the R&D

Tax Relief, as the policy was announced well before its introduction, both for the SME scheme and the

large company scheme. Figure 6 presents the major events in relation to the implementation of the

R&D Tax Relief, where it can be seen that the government announced its plans to introduce R&D tax

breaks in 1998, without giving much detail about the rates, conditions or their timeline. March 2001

marked the beginning of consultations for a large company tax credit, and the announcement of its

introduction followed in November 2001. We will later show that despite the early announcement, there

is little evidence that larger firms delayed their R&D spending until after the policy implementation.

Figure 6: Events in the early years of the R&D Tax Relief
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2.3 An overview of the theoretical underpinnings

The theoretical background on evaluating R&D tax credit schemes is influenced by the literature

on tax incentives for physical investment, which is based on the user cost of capital as a determinant of

investment decisions, first formalized by Jorgenson (1963) and then developed by Hall and Jorgenson

(1967). In their seminal paper, Hall and Jorgenson devise a model of investment to analyze the effect

of the investment tax credits and various forms of depreciation allowances in the United States. Their

model is based on Jorgenson’s ‘Theory of Investment Behavior (1963),’ building on the neoclassical

optimal capital accumulation framework in which firms maximize their profits subject to a form of

neoclassical production function by choosing input levels. For simplicity, the model assumes that

replacement investment is made at a rate proportional to the capital stock and the investment is not

irreversible. Under these assumptions, firms then set their demand for capital input at the level where

the marginal product of capital is equal to the ‘user cost of capital’. The user cost is described as:

“the shadow price or implicit rental of one unit of capital service per period of time (Jorgenson (1963;

p.249))”. Hall and Jorgenson embed taxation, depreciation allowances and tax credit rates into the

present discounted value from ‘capital services’, equate this to the price of capital goods and find an

optimal level of capital for the firm as a function of output price, output quantity, user cost of capital

and the elasticity of output with respect to capital. Both their theoretical finding and the empirical

analysis point to a significant positive impact of tax credits and depreciation allowance schemes on

the firm’s capital intensity.

Following Griliches (1979), ‘R&D capital stock’ or ‘knowledge stock’ can be considered analo-

gously to the stock of physical capital. The main difference lies in the empirical result, as dynamic

models often find longer adjustment periods in the context of R&D investment, which may be due

to for instance training requirements for staff upon acquisition of new computer software, setting up

advancements in equipment and adaptation of newly hired R&D personnel.

Summarizing this theoretical framework in simplified terms helps in demonstrating the relationship

between tax incentives and R&D. Firms acquire knowledge stock (R&D capital) to maximize profits

subject to the law of motion of R&D capital. The first order condition equates the marginal product

of (R&D) capital to its user cost and the marginal product of the variable input to its real price.

Assuming a Cobb Douglas production function, the cost of knowledge capital is then inversely related

to the optimal level of (R&D) capital9:

C∗ = α
Q

U
(1)

where Q is the output level, α is the elasticity of output with respect to knowledge stock and U is the

9See Jorgenson et al. (1965), Jorgenson (1963) and Hall and Jorgenson (1967) for a formal discus-
sion. The results generalize to other constant elasticity of substitution (CES) production functions.
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user cost of capital10. Taking logs and rearranging:

lnC − lnQ = constant− lnU (2)

The user cost of knowledge capital must equal the before tax present value of a unit of investment

in R&D so that the marginal project breaks even. A standard expression for the user cost of R&D

capital can be derived as in Bloom et al. (1997):

U =
1−A
1− τ

[r + δ] (3)

where τ is the statutory tax rate and r is the discount rate. A represents the net present value

of all current and future depreciation allowances and tax credits applicable to the marginal R&D

investment, so they are reductions in the cost of making a unit investment in R&D. The form of A

depends on the design of the tax incentive system. When there is 100 percent expensing of R&D

expenditure and no special tax credits, A = τ , offsetting the effect of corporate income tax on the

required rate of return. With an additional tax credit or an enhanced deduction for more than 100

percent of the R&D expenditure, A > τ , leading to a lower required rate of return.

Tax incentives therefore enter the R&D equation through the user cost term. The user cost, scaled

by the firm size, is directly related to the R&D investment undertaken by the firm.

This paper is influenced by the simple neoclassical model of optimal R&D presented here as a

motivation for tax incentives to affect the accumulation of knowledge capital in the firm; however,

there may be other channels through which tax incentives may affect R&D spending. The quasi-

experimental research design used in this study is not reliant on any particular theoretical model,

but the discussion in Section 4.3 on our implied user cost elasticity estimates relate to the framework

summarized in this section.

2.4 Estimates of the impact of R&D tax credits

The review by Hall and Van Reenen (2000) underlines the importance of finding exogenous varia-

tion in the user cost of capital to identify the effect of tax incentive-type R&D support policies. This is

not only a challenge in the R&D literature, but also it features heavily in the literature that examines

the relationship between tax policy and physical investment.

To date, a clear policy discontinuity as in the UK R&D Tax Relief schemes has not been exploited

10In order to increase R&D capital as a share of total output, firms increase R&D investment as a
share of output. For our empirical specification, the relationship between R&D investment and R&D
capital need not be proportional, but for the purposes of the model summarized in this section, under
a steady state assumption, C can be shown to equal κ+1

κ+δRit with κ denoting the growth rate of the
capital stock, δ denoting the rate of depreciation of R&D capital and Rit denoting R&D investment.
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in other papers in this literature. Our study identifies the policy impact by focusing on the variation

at the size threshold for eligibility to the SME scheme. Through this policy experiment, we can back

out an estimate for the user cost elasticity, given that the drop in the user cost of R&D capital in the

UK induced by the introduction of the large company R&D Tax Relief was about 13 percent (Bond

and Guceri (2012)).

Bloom et al. (2002) employ the Hall-Jorgenson (1967) approach to calculate the tax-adjusted cost

of investing in R&D across a panel of nine OECD countries over nineteen years. Specifying a dynamic

model with manufacturing sector business enterprise R&D intensity as the dependent variable, they

find a negative long run elasticity with respect to the user cost of R&D, with a value close to minus

one.

In their paper, Bond and Guceri (2012) use publicly available macro level data to first calculate the

reduction in the user cost of R&D induced by the scheme, then compare the evolution of manufacturing

sector BERD intensity with predictions based on the model estimated by Bloom et al. (2002). They

find that the increase in R&D in response to the introduction of the tax credit has been around

13 percent, in line with the Bloom et al. prediction, but with quicker adjustment to the long run

equilibrium.

An evaluation of the Dutch R&D tax incentive scheme is carried out by Lokshin and Mohnen

(2012), who work with an unbalanced panel data set covering the period 1996-2004. They assume a

CES production function (as conventional in the literature) and a constant price elasticity of demand.

They present three different empirical models to estimate the user cost elasticity of R&D stock: (i)

a static model with no adjustment dynamics, (ii) a partial adjustment model (following Nadiri and

Rosen (1969)), (iii) an error correction model. Their findings, which are consistent across the models,

point to a significant negative long run elasticity of R&D stock with respect to its user cost in the

range 0.54-0.79 in absolute value, with a relatively fast convergence of about 2-3 years. Mairesse and

Mulkay (2011) study the R&D tax incentive scheme in France, which has gradually moved from an

incremental scheme over the period 2004-2008, to a fully volume based scheme in 2008, increasing

the budgetary cost of the program threefold. Their study has two components: the first component

analyzes the effect of the user cost reduction over the period 2000-2007, and the second component

simulates the projected evolution of R&D starting in 2008. In the first part, they find an elasticity

of R&D with respect to its user cost around -0.4. The simulations indicate a large increase in R&D,

but a slow adjustment to the new long run equilibrium. Harris et al. (2009) estimate the impact for

Northern Ireland and find a long run user cost elasticity of -1.36.

Czarnitzki et al. (2011) use the nonparametric matching approach, exploring the effect of the

Canadian Federal and Provincial R&D tax credits on a set of outcome variables, such as the share of

innovative products in sales, ‘new-to-the-world’ innovations and some proxies for the impact of the

innovation on the firm. They find significant positive effects of the tax credits on the number of new
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products and their sales, while they do not find any effect on the firm’s profitability or market share.

Corchuelo and Martinez-Ros (2009) evaluate the effects of the tax incentive scheme for R&D in Spain,

also using a nonparametric matching estimator and propensity score matching, finding that the tax

incentives have a positive and significant effect on R&D for large firms.

Our study focuses on the medium sized firms around the size threshold for eligibility to the SME

scheme, and finds that the treated firms increased their R&D spending by about 18 percent in response

to the policy intervention. After the introduction of the large company tax incentive scheme, the gap

between treatment and control group R&D spending has widened (Figure 10). This is indicative of the

tax incentive having helped to counter a decreasing trend in R&D investment by firms that remained

above the size threshold for eligibility to the SME tax incentive scheme. For medium sized firms, the

policy is found to have generated an additional £3.85 in R&D for every pound foregone in corporate

tax revenues.

Where the data is available, measuring innovation outputs is beneficial to overcome concerns about

relabeling and inflated salaries for scientists and researchers. Goolsbee (1998) and Rogers (2010) warn

that with the introduction of tax incentives, the majority of increased R&D expenditures may go to

higher salaries for scientists and engineers, rather than to a larger number of researchers. Goolsbee

(1998) documents this finding by demonstrating that there is a relatively stable supply of scientists,

with expenditure on pay rising significantly following increases in government subsidies to support

R&D expenditure by firms. For subnational credits, another concern is the geographical shift of R&D

activity away from high tax jurisdictions to those states with a more generous tax treatment of R&D

(Wilson (2009)), essentially resulting in a zero sum game. Wilson finds a long run elasticity of R&D

with respect to its user cost around -2.5, but this is offset by an out-of-state user cost elasticity of

around +2.5.

Many studies underline the issue of relabeling ordinary expenses as R&D but the extent of the

problem has rarely been quantified. Evidence on relabeling is provided in an early report by the

US General Accounting Office (GAO (1989)). In their study based on the financial reports of 800

large US corporations, US GAO finds that around 20 percent of revenue agents are not convinced by

the clarity of the definition of qualifying expenses. A more recent US GAO study dated November

2009 (GAO (2009)) lays out the main expenditure items which are more difficult to monitor for the

tax authority. On the top of their list is the proportion of salaries paid to management level staff

who supervise research activities. The report is based on interviews with the parties involved in

the accounting of R&D for tax purposes, namely, officials from the Internal Revenue Service (IRS),

taxpayers and tax consultants, and identifies large differences between the opinions of all involved

parties regarding the identification of qualifying expenses. While relabeling is an important obstacle

in identifying the true effect of R&D tax incentives, there are now high penalties for misreporting in

the United States and other developed countries, and tax authorities have advanced their practice of
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monitoring eligible expenses over the years of implementation. In the 2009 GAO report, it is argued

that IRS is very stringent in determining the share of qualifying research expenditure especially for

the salaries of management level staff.

3 Data

3.1 Available data sources

In the UK, only a limited group of companies and the firms above a certain size threshold are

required to disclose R&D expenditure in company accounts11. As a result, data on R&D expenditures

by smaller enterprises is rather scarce. A list of data sources for UK R&D is presented in Table

1 below, which is reproduced from Office for National Statistics (ONS) Guidance Notes dated 13

November 2012 (Steer (2012)).

Table 1: Data sources for R&D in the UK

Dataset Source Definition of R&D

Business Enterprise R&D (BERD) Survey Frascati Manual
Gross Expenditure on R&D (GERD) Survey Frascati Manual
Northern Ireland GERD Survey Frascati Manual
Defence Statistics Survey Frascati Manual
R&D Tax Relief and Credit Administrative Other
R&D Scoreboard Administrative Other

Source: Office for National Statistics (Steer (2012)), own contribution

As can be seen in the table, there are only a handful of data sources on R&D available at the

firm level. Out of these resources, only the R&D Scoreboard data published by the Department for

Business, Innovation and Skills is in public domain, and this provides information only on the largest

spenders on R&D12. To conduct an analysis of the firms around the size threshold of interest for us,

the only data sets available are the BERD data by the ONS and the administrative data on R&D

Tax Relief by the HMRC. Only the ONS data set goes back long enough in time for us to exploit the

discontinuity in 2002 which is the introduction of the large company scheme13.

11SSAP 13 provides guidance on the accounting rules for research and development. Paragraphs
19 and 20 of this document explain the rules for disclosure of R&D expenditure in the profit and
loss accounts of the firm. Disclosure is limited to: “...public limited companies, or special category
companies, or subsidiaries of such companies, or which exceed by a multiple of 10 the criteria for
defining a medium sized company under the Companies Act 1985. (Statement of Standard Accounting
Practice No.13, Revised January 1989)”

12Department for Business, Innovation and Skills announced in 2012 that the collection of R&D
Scoreboard data was discontinued.

13In a separate project we examine results from a later reform using the administrative data and
make comparisons, but this is not possible for the 2002 reform.
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The Business Enterprise Research and Development (BERD) survey is conducted by the ONS,

with the purpose of collecting the aggregate and sectoral UK BERD statistics. Recently, the micro

level BERD data has been available under secure conditions for approved research projects.

ONS follows the Frascati Manual (OECD (2002)) methodology to collect the statistics on Business

Enterprise Research and Development. The sampling frame for this data uses the Annual Business

Survey (ABS) as its major source to identify R&D performing firms that employ more than 50 em-

ployees. Other main data sources include the UK Innovation Survey, new R&D sector firms from

the Business Register, information from the Department for Business, Innovation and Skills (BIS),

International Trade in Services R&D Exporters data and HMRC data on firms which claim R&D tax

credits.

The micro level BERD data set can be merged with other ONS data sets such as the Annual

Respondents’ Database (ARD 1973-2009; previously, the Census of Production) and the Business

Structure Database (BSD 1997-2011; snapshot of the Business Register) to obtain a match with the

firm-level characteristics used as controls in this study. Because employment and turnover growth rate

control variables are sourced by the Business Structure Database, the first year in the merged data

set needed to be 1998. These data sets are available in different statistical units. BSD is provided

at the ‘enterprise level’ which is the smallest autonomous unit in a firm with own decision-making

capability. BERD and ARD data are collected at the ‘reporting unit’ level, which is where the postal

address of the firm is registered. The reporting unit is smaller than an enterprise, but the majority

of the enterprises are made up of only a single reporting unit. An enterprise group encompasses one

or more enterprises, all legally connected to each other. The analyses in this paper are carried out at

the enterprise level. These units are explained in more detail in Appendix A.1, which also explains

the data cleaning procedures. The clean merged data set is available for the period 1998-200814.

ONS uses stratified sampling to select the enterprises which will receive a BERD questionnaire

form each year. There are two types of BERD questionnaires, namely, the long form and the short

form questionnaires. A long form questionnaire is sent each year to around 400 largest spenders in

R&D, and this form asks for detailed information about the breakdown of the respondent’s R&D

spending into different categories. For the remaining reporting units, a stratified sampling procedure

is used to select the ones that will receive a short questionnaire form, which includes a summary set

of questions, such as total R&D spending (in-house and contract R&D) and R&D employment (See

Appendix A.2 for further detail).

The micro BERD data set contains all the reporting unit-year observations that were identified by

the ONS as performing R&D in a given year. The observations that are left outside of the stratified

sampling have imputed values for the questions that are not answered, using the mean values of the

14The datasets used in this study were made available by the Office for National Statistics (ONS)
and the Secure Data Service (SDS).
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variable as a share of employment in the size band-sector cell. To avoid introducing measurement

error, we refrain from using these imputed values. Details on the severity of the measurement error

caused by the imputed values are presented in Appendix A.2. For enterprises with multiple reporting

units, only those that have all associated reporting units with non-imputed values have been kept.

BSD contains the most complete information on employment, turnover, enterprise groups (owner-

ship data), sector and other firm characteristics that are sourced by the Inter-Departmental Business

Register (IDBR) and it is available at the enterprise level only. In the IDBR and hence the BSD,

observations on enterprises are constructed using the data from HMRC on VAT traders and PAYE

employers.

3.2 Selection of treatment and control groups

We selected treatment and control groups based on the threshold for eligibility to the SME Tax

Relief. In the period of introduction of the large company scheme (2002), eligible SMEs which were

already benefiting from the SME Tax Relief are assigned to the control group, which consists of

enterprises just below the SME size threshold. This means enterprises that have between 100 and 249

employees, and are not owned by a group that has more than 249 employees or, when aggregated,

the total number of employees in group member enterprises do not add up to more than 249. The

treatment group is composed of enterprises just above the SME employment size threshold; with

employment between 250 and 400, which may or may not be owned by a larger group. The interval

of 100-400 employees is chosen specifically because it constitutes a size band used by ONS in their

stratified sampling procedure, which determines the enterprises that will receive a questionnaire form

in a given year (See Appendix A.2). In the 100-400 size band, enterprises are sampled at a ratio of

1:3, and this helps us in maintaining a roughly similar number of enterprises in each of the treatment

and control groups.

For firms’ eligibility to the SME tax credit, which places them to the control group, there are two

more criteria that are not used here. If the firm has fewer than 250 employees (in aggregate), then it is

subject to the asset/turnover test. According to the EC recommendation applicable to this incentive

scheme, the size threshold to define an SME is for the enterprise to have fewer than 250 employees

AND either less than 40 million Euros of turnover OR less than 27 million Euros of balance sheet size.

The enterprise should also not be linked to a larger enterprise which does not possess these properties

which define an SME. The reason for not undertaking the asset and turnover tests is because there is

no data available on assets or group level turnover. Regarding the turnover criterion, simply summing

the enterprise turnover values to obtain the enterprise group level turnover is not a valid method of

calculating consolidated group level turnover. Nevertheless, the results are verified with a robustness

check that defines the treatment group using both the employment and this approximation to the
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turnover criteria15.

Defining the treatment group based solely on the employment measure only affects the composition

of the control group, and allows all observations in the treatment group to be those classified as large

enterprises by the EC recommendation. The control group however may contain some treated firms,

since having a total of fewer than 250 employees does not guarantee SME status, if the enterprise

fails both the asset and the turnover tests. This limitation does not jeopardize identification, but it

reduces power while testing the null hypothesis of no effect of the tax incentive in the specifications

presented later.

The reporting period for BERD is the calendar year. If the reporting unit does not have the

record covering the calendar year, for instance year t, then the record for a business year that ends

between April 6th of period t and April 5th of period t + 1 is reported for the expenditure in year

t. The Large Company Tax Relief was introduced in April 2002, which is three months into calendar

year 2002 but earlier than 2003. If a firm’s accounting year begins on any date later than the UK

fiscal year, which runs between April 6, 2002 and April 5, 2003, then the R&D spending which is

made in 2002 after the introduction of the R&D tax credit for large companies will be included in the

company’s BERD returns for 2003. For example, if Company A’s accounting year runs between July

1, 2002-June 30, 2003, then all the R&D expenditure of Company A carried out between these dates

would be recorded in the BERD returns for 2003. If, on the other hand, Company B’s accounting

year runs between April 1, 2002-March 31, 2003, then the R&D expenditure of Company B that was

carried out between these dates would be recorded in the BERD returns for 2002.

In the corporation tax returns, all the qualifying R&D can be used to claim tax credits in the 2002-

2003 fiscal year (depending on eligibility). If the firm’s accounting year coincides with the calendar

year, then the R&D reported for 2002 in BERD reflects exactly the expenditure incurred in 2002, and

the company may claim tax credit on three quarters of the qualifying expenditure made in 2002, as

the eligible expenditure will be apportioned for the period April 1, 2002-Dec 31, 2002.

Based on a number of company interviews and case studies, a qualitative HMRC review of the

R&D tax credit states that the take up has been low in the beginning of the scheme due to lack of

awareness by the firms (Michaelis et al. (2010)). Even for the companies that were aware of the tax

credit, they may have been inclined to delay their undertaking of R&D to the following year given

the apportionment of the tax credit in the first year of implementation, demonstrated in the example

above. Based on these information, we selected calendar year 2003 as the first implementation period

for analysis. It may be argued that the inclusion of R&D spending during 2002 as part of the pre-

reform period is problematic because companies may be apportioning some of the R&D done in the

2002-2003 fiscal year to R&D recorded in calendar year 2002. We later show in Section 4.2 that the

results are not sensitive to the removal of 2002 from the sample.

15The results from these regressions are not included in the paper.
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While running the regressions, the sample is further limited to observations which are identified as

‘active’ in the BSD, in the manufacturing sector, with reported R&D expenditures above £10,000. For

eligibility to any tax relief, companies needed to spend at least £10,000 until 2013. Table 2 presents

the number of observations that remain in the sample after all filtering.

There are two sources of information on sectors in the BERD data set: (i) sector of R&D infor-

mation returned only by long form respondents, and (ii) sector of activity sourced by the business

register, which is available for both short and long form recipients. In the size band of interest for this

study, that is the 100-400 employee size band, observations are mainly based on short form responses

and therefore the sector of R&D information is not available. To maintain consistency across short

form and long form recipients, the two digit sector of activity information in BERD is used instead

of the two digit sector of R&D activity, which is only available for the long form recipients.

There is a small subset of long form recipients which fall in the size bands of interest for this

study (fewer than 1000 enterprise-year observations) and comparisons between sector of activity and

sector of R&D for this small group is informative for verifying the association between the two differ-

ent sector variables. Regarding the broad split into manufacturing and services using the two digit

sector of activity in comparison to using the two digit sector of R&D, for more than 65 percent of the

observations, the two variables are in agreement. For the remaining observations, it is most common

to observe a services sector flag according to the sector of activity matched with a flag for manu-

facturing by the sector of R&D. These firms are usually R&D labs which operate in the SIC sectors

‘scientific research and development’ and ‘computer programming, consultancy and related activities’.

Robustness checks which include additional observations on these firms confirmed the main results,

which used only firms classified as manufacturing by their sectors of activity and hence excluded these

service sector firms.

Table 2: Number of observations, treatment and control groups across years

period 1998 1999 2000 2001 2002 2003 2004 2005 2006

control 111 180 178 162 125 160 277 148 152
treatment 154 274 218 214 161 164 274 145 121

A key aspect is that, due to the stratified sampling procedure, the micro BERD data covers

different enterprises in the treatment and control categories in each of these years. It is not necessarily

the case that the same enterprise is observed both before and after the reform, as a genuine panel

cannot be constructed in this stratum. Most of the observations are only observed in either the

pre-treatment or the post-treatment periods.
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3.3 Variables and deflators

The main regressions reported in Tables 4 and 5 in the Results Section use real expenditures on

R&D which is obtained by deflating the nominal intramural R&D expenditure from the BERD data

set using a weighted deflator with 50 percent weight on researcher salaries and 50 percent weight

on the GDP deflator. Intramural R&D here means the in-house R&D carried out by the company

by its own employees. The researcher salaries component of the weighted deflator is taken from the

Annual Survey of Hours and Earnings (ASHE) tables on gross annual pay for science and technology

professionals (Table code 2.7a, job code 21). The GDP deflator is obtained from the OECD Economic

Outlook ‘pgdp’ series (base year 2008). In the R&D literature, this kind of weighted deflator is

commonly used to reflect the fact that around 50 percent of R&D investment goes to the salaries and

wages of research staff (See, for instance, Bloom et al. (2002)). Data on turnover and employment

is obtained from the BSD. Turnover controls (both levels and growth rates) are deflated using the

manufacturing output component of the UK producer price index series (JVZ7).

3.4 Descriptive statistics

Identification with the difference-in-differences estimator requires that in the absence of treatment,

we should expect the change in the outcome variable between pre- and post-intervention periods for

the control group to be equal to the change in the outcome variable for the treatment group. The

counterfactual for the treatment group is not observed, but the trends in other variables may indicate

if there is a large differential change between pre- and post-intervention periods for the treatment and

control groups. Reliable information on employment, turnover and sector is available thanks to the

BSD. Trends in turnover and employment can be observed in Figure 716. The levels of enterprise

employment and turnover are naturally very different for the treatment and control groups, but here

the point is to see whether there is a large differential change or not, which does not seem to be the

case around the periods 2002 and 2003.

The sectoral compositions across treatment and control groups are presented in Table 3. For our

purposes, it is important to have a similar distribution of high tech, medium tech and low tech firms

in the pre- and post-intervention periods across treatment and control groups. One way of identifying

this is to use the OECD technology classifications that are laid out in OECD (2003) based on the

average R&D intensity of relevant two, three or four digit sub-sectors of activity in manufacturing.

In order to establish a classification of this kind for our sample, we use the R&D intensities of the

two digit sectors available in our own data. The correspondence between the OECD high, medium

16The bottom graphs in the figure show mean and median employment for treatment and control
groups at the enterprise level; therefore, the values may remain below the threshold level of 250
even for the treatment group, as the determining criteria for eligibility to the SME credit considers
enterprise group employment.
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Figure 7: Comparison of treatment and control groups

high, medium low and low technology sectors with our classification can be observed in Table 9 in

Appendix A.2. There are no large discrepancies between the two classifications.

First, we identify each observation in the sample as ‘above’ or ‘below’ the overall median R&D

intensity. We then categorize each two-digit sector as ‘high’, ‘medium’ or ‘low’ R&D intensity, where

the ‘high R&D intensity’ group has more than 65 percent of observations above the median, ‘medium

R&D intensity’ group has between 40 to 65 percent of observations above the median and ‘low R&D

intenstiy’ group has fewer than 40 percent of observations above the median. Table 3 demonstrates

that there is some significant change in sectoral compositions between pre- and post-treatment periods.

In Table 3, the percentages represent the share of observations in a given cell in high, medium and low

technology sectors, where a cell can be one of the following: (i) control group pre-treatment, (ii) control

group post-treatment, (iii) treatment group pre-treatment, and (iv) treatment group post-treatment.

It can be observed in the table that the share of observations belonging to high technology sectors

has increased in the control group over time from 24 to 31 percent, whereas in the treatment group,

there is no such increase, and conversely the share of medium technology sectors decreased in the

control group from 44 to 36 percent. These compositional changes relate to the fact that the samples

of treatment and control group enterprises available are not genuine panels. This demonstrates the

potential importance of controlling for sectors in the estimation stage. Table 9 in Appendix A.3

provides further evidence for such changes over time at the more detailed two-digit sector level.

There may be several reasons underlying the increase in the share of high technology firms in the

control group. First of all, this may be a reflection of a compositional shift in the whole economy,

outlined in Section 2.1. The reallocation towards higher technology sectors of manufacturing may
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Table 3: Share of observations in high, medium and low intensity of R&D sectors

R&D intensity: high medium low
control treat. control treat. control treat.

1998-2002 24% 24% 44% 42% 32% 34%
2003-2006 31% 24% 36% 39% 33% 37%

Figure 8: Share of UK enterprises in high, medium and low technology sectors for
medium size bands

be taking place more intensively at the lower end of the firm size distribution, with the smaller low

productivity firms dropping out faster than the larger ones. Alternatively, the observed sectoral shift

in the control group may merely be an artifact of the sampling procedure for the BERD data set.

The Business Structure Database (BSD) allows for a further investigation of the shift in the

sectoral composition of the UK manufacturing sector by size bands. Comparing the distribution of

enterprises across high, medium and low technology sectors for the 100-249 employee size band with

that for the 250-399 employee size band is informative in finding out whether the patterns observed in

the BERD sample are a reflection of broader trends in the economy. Figure 8 demonstrates that such

reallocation effects across our size bands of interest are not very pronounced, at least for the period

that can be studied using the BSD data available.

The difference-in-differences estimator aims to capture the average or expected impact of the

intervention on the treatment group, that is, it aims to estimate:

{E[Y |t > 2002, D = 1]−E[Y |t ≤ 2002, D = 1]}−{E[Y |t > 2002, D = 0]−E[Y |t ≤ 2002, D = 0]} (4)

where

D =


1, if treated

0, if control

(5)

t represents the year and Y stands for the outcome of interest, in our case, it is the R&D investments

made by the sample enterprises.
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The sample analogue of the expression in Equation 4 compares differences in means between pre-

and post-intervention periods across treatment and control group observations. Figure 9 presents the

mean R&D spending in each of these cells. In the subsequent analysis, we use the natural logarithm

to have a percentage change interpretation, and the shape of the graphs look similar if we use the

natural logarithm of R&D spending instead of the levels. These cell means simply correspond to

the coefficients in a diff-in-diff regression without any controls. In a regression sense, the diff-in-

diff coefficient captures the additional R&D generated thanks to the policy intervention, after having

accounted for any treatment-specific or control-specific effects as well as common trends. In the figure,

it can be observed that there is a differential change between the two groups, mainly owing to a fall in

the control group R&D between the two periods, rather than a rise in the treatment group R&D. If

the specification with no controls were correct, then it suggests that the policy intervention may have

prevented a greater decline in R&D around the size threshold of interest for this study. The trend

in the average R&D spending by control and treatment firms are presented in Figure 10, showing

the widening gap between treatment and control group firms after the introduction of the R&D tax

credit.

Figure 9: R&D spending across treatment and control groups, pre- and post-2003

4 Results

4.1 Model

We estimate the following base model:

rit = γ + δDDi + δTTt + δIDiTt + x′itβx + νit (6)
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Figure 10: Comparison of treatment and control groups, mean R&D

where rit is the natural logarithm of R&D spending of enterprise i in year t in 2008 prices, Di is a

dummy that takes on a value of 1 for treated observations, 0 for the control group, Tt is a dummy that

takes on a value of 1 for years 2003 onwards and 0 otherwise. The coefficient δI on the interaction

term DiTt thus captures any differential change in rit between these two periods for the treatment

group compared to the control group, and the null hypothesis of no impact of the introduction of

the tax credit for larger firms corresponds to δI = 0. We later drop Tt and include a full set of year

dummies. xit is a K × 1 vector of controls, including sector dummies, sector-year interaction terms,

employment, real turnover and their growth rates.

Table 4 presents the results from using this specification with different choices of controls. Column

1 presents the most simple specification with no controls, which replicates (in a regression sense) the

right hand side picture in Figure 9. After the addition of each control variable, the sample size changes

as some of these variables are only available for a more limited sample. In order to trace if the results

change due to the reduced sample size or the addition of the control variable, regressions are run on

the same sample with and without the controls and the results are presented in the column beside the

one with the particular control variable(s).

The most important set of controls turns out to be the sector dummy variables. In Columns (1)

and (3), the diff-in-diff coefficient is not significantly difference from zero, but in all regressions with

sector controls, this coefficient is close to 0.2 and at least borderline significant at the 10 percent level.

We saw in Table 3 above that the composition of the control group shifts towards more high tech

sectors in the later period, and this illustrates the importance of controlling for this change.

The addition of turnover and employment variables at the same time, is our best proxy for

controlling for productivity given the available data. In Column (6) of Table 4, the addition of the

turnover and employment controls in levels induces a slight drop of the diff-in-diff coefficient from

0.23 (Column (7)) to 0.18 (Column (6)) and the t-statistic goes down from 2.0 to 1.7 as the estimate
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becomes more imprecise. In Columns (8) and (9), we control for turnover and employment growth

rates. Column (9) results include both the levels and the growth rates of (the natural logarithm of)

turnover and employment. The results in Columns (8), (9) and (10) require the availability of turnover

and employment information from two periods back, and the effect of having a smaller sample size is

reflected in the results in Column (10). Without introducing any employment and turnover controls,

the reduction in sample size because of the increased data requirement in Column (10) reduces the

t-statistic of the diff-in-diff coefficient to 1.85. The magnitude of the coefficient remains at 0.21. The

addition of turnover and employment growth rate controls then induces a drop in the magnitude of

the coefficient from 0.21 (Column (10)) to 0.18 (Column (9)), and the t-statistic drops to 1.6 as the

estimate becomes more imprecise. The turnover variable is very jumpy and contains outliers, which

were not removed from the sample to retain comparability across the results, but the addition of this

variable increases the variance of estimated coefficients. The 95 percent confidence intervals for the

estimates in Columns (8), (9) and (10) largely overlap.

In Table 5, this base model is then complemented by a specification which has R&D scaled by

firm employment as the outcome of interest, with rit − lit as the dependent variable (lit denotes the

natural logarithm of employment). This specification is more in line with the theoretical background,

which is explained in Section 2.3 where it has been shown that:

lnR− lnQ = constant− lnU (7)

Since we do not have information on Q, which is the firm’s output, we can use the next best

available firm size measure, that is the total employment of the firm. Turnover is also an alternative

here, but as mentioned earlier, the turnover values exhibit high variation and do not seem to be a

very reliable benchmark. Regression results with the turnover variable as an additional control have

been included in Tables 4 and 517. The results presented in Table 5 from estimating the model with

R&D scaled by the firm size as the dependent variable are very similar to those in Table 4 in terms

of both the magnitude and the significance of the diff-in-diff coefficients.

Having established that the sector level controls are important in the results, several variations of

the model allowing for sector-specific difference-in-differences coefficients have been run. These speci-

fications were of interest for comparing the micro level findings for the size band studied here with the

aggregate trends discussed in Section 2.1. The null hypothesis of equal diff-in-diff coefficients for high,

medium high, medium low and low technology sectors cannot be rejected. In aggregate data, on the

other hand, the increase in R&D intensity appears to be driven by the high technology manufacturing

17In other specifications, the coefficient on the log of employment is allowed to differ from unity.
In all cases where sector dummies are included, a significant differential effect of the tax incentive of
around 17-23 percent is found in comparison to the counterfactual scenario. Since these results do
not provide new insights, the tables have not been included in the paper.
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sectors. In line with the basic neoclassical theory of R&D investment, our results suggest that the

impact of the R&D tax credit was similar between high technology and lower technology sectors. If

this is correct, it follows that other factors caused the composition of UK BERD to shift towards

high technology sectors over this period. One explanation may be the increased competition from

BRIC countries in lower technology sub-sectors of manufacturing, as discussed in Bloom et al. (2011),

which induced a rise in the intensity of innovation in more high technology sectors in the UK. Such

trends would be captured by the interactions between year and sector dummy variables in the micro

analysis. Another explanation may be that the size band of interest for the purposes of this study

(100-400 employees) is smaller than that where the bulk of R&D is performed (larger companies) and

the trends may be different than at the upper end of the size threshold. Given that the share of UK

manufacturing BERD which is conducted by the firms in the 100-400 employee size band is about 14

percent around the time period studied, this possibility cannot be ruled out.
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Table 4: Results (I)

Dep.var: ln(R&D spending) 1 2 3 4 5 6 7 8 9 10

control, pre 5.496 4.998 5.399 4.972 6.234 -2.967 2.741 7.657 0.834 7.862
(70.73) (20.62) (49.65) (19.80) (6.65) (-3.36) (3.61) (3.77) (0.37) (3.82)

treated group 0.565 0.548 0.566 0.552 0.557 0.194 0.543 0.560 0.190 0.556
(5.86) (6.38) (5.85) (6.39) (6.30) (2.06) (6.10) (5.93) (1.88) (5.87)

post-reform period -0.093 -0.164
(-1.10) (-2.05)

diff-in-diff 0.115 0.224** 0.123 0.227** 0.212* 0.184* 0.228** 0.214* 0.179 0.213*
(0.94) (2.05) (1.01) (2.06) (1.89) (1.70) (2.03) (1.86) (1.61) (1.85)

ln(employment lag) 0.143 0.0585
(1.37) (0.52)

ln(real turnover lag) 0.506 0.594
(6.46) (7.77)

empl. growth (lag) 0.212 0.396
(1.97) (3.33)

turn. growth (lag) -0.028 -0.204
(-0.52) (-3.03)

sector dummies No Yes No Yes Yes Yes Yes Yes Yes Yes
year dummies No No Yes Yes Yes Yes Yes Yes Yes Yes
sector*year No No No No Yes Yes Yes Yes Yes Yes

No of obs 3218 3218 3218 3218 3218 3199 3199 2902 2902 2902

t-values in brackets below the coefficient
standard errors clustered at the enterprise level
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Table 5: Results (II)

Dep.var: ln(R&D per worker) 1 2 3 4 5 6 7 8 9 10

control, pre 0.479 -0.031 0.337 -0.0985 1.738 -4.672 -2.124 1.884 -0.928 2.082
(6.34) (-0.15) (3.23) (-0.45) (1.83) (-5.78) (-3.01) (0.92) (-0.42) (1.01)

treated group 0.097 0.086 0.097 0.088 0.094 0.007 0.078 0.095 0.025 0.091
(1.05) (1.04) (1.04) (1.06) (1.11) (0.08) (0.91) (1.04) (0.26) (0.99)

post-reform period -0.091 -0.156
(-1.08) (-1.99)

diff-in-diff 0.107 0.216** 0.117 0.219** 0.210* 0.187* 0.228** 0.214* 0.170 0.213*
(0.90) (2.05) (0.98) (2.07) (1.95) (1.76) (2.11) (1.92) (1.56) (1.91)

ln(employment lag) -0.402 -0.515
(-4.31) (-5.37)

ln(real turnover lag) 0.470 0.561
(6.30) (7.62)

empl. growth (lag) 0.206 0.383
(2.07) (3.56)

turn. growth (lag) -0.032 -0.205
(-0.66) (-3.13)

sector dummies No Yes No Yes Yes Yes Yes Yes Yes Yes
year dummies No No Yes Yes Yes Yes Yes Yes Yes Yes
sector*year No No No No Yes Yes Yes Yes Yes Yes

No of obs 3218 3218 3218 3218 3218 3199 3199 2902 2902 2902

t-values in brackets below the coefficient
standard errors clustered at the enterprise level
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4.2 Robustness checks

The results presented in the preceding section are robust to estimating the model at the reporting

unit level, using sectors of R&D rather than sectors of activity to define the manufacturing subsample

and the sector dummy variables, and using the turnover criterion in addition to employment to define

the treatment group.

Placebo tests have been run with a difference-in-differences variable for all other years available

in the data, and no effect has been found in any other year than 2003. Had the effect been driven

by the more productive firms that may be surviving in the treatment group differentially more than

the control group, we would have observed a significant difference-in-difference in other years of the

analysis as well.

The main concern in a policy setting where the announcement of the policy predates implemen-

tation is that beneficiaries may adjust their investment behavior after the announcement but prior to

implementation to obtain the maximum gain from it. In the case of the R&D Tax Relief schemes in

the UK, neither the SME nor the large company scheme came as a surprise for the firms that were

going to benefit.

The expected behavior of a forward-looking profit maximizing firm would be to delay some R&D

investment spending after the announcement until after the implementation of the policy, or maybe

even until the firm’s first complete tax year after the introduction of the tax credit, to avoid the

apportionment of the benefit. For example, any R&D undertaken in the period January-December

2002 would attract only 75 percent of the credit, while R&D undertaken in January-December 2003

would attract 100 percent of the credit. Consultations for the large company scheme were launched

with the 2001 Budget, a year prior to implementation (Figure 6). In this case one may observe a

drop after the announcement but before the introduction of the policy, and then an overshoot of R&D

investment shortly after the policy has been introduced as all the postponed investment would tend

to be made in these early periods. If this were the case, then what we observe as the difference-in-

difference effect could solely have been the reflection of postponement of R&D spending to a later

date, rather than a genuine increase in R&D spending as a result of the policy.

The simplest way of assessing whether there has been any strategic delaying is to omit all the

periods between announcement and the first period of implementation. In the context of the large

company scheme, omission of the years 2002 and 2003 achieves this objective. Table 6 reports results

for the same specifications presented in Table 4, but with observations for these two years excluded

from the sample. The estimated impact of the introduction of the tax credit for larger firms remains

very similar to that obtained using the full sample, suggesting an increase in R&D by approximately

19-22 percent. The smaller sample size results in a marginal reduction in the statistical significance

of the estimated coefficient on the diff-in-diff interaction term, but there is no indication that our full
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sample results are seriously biased by firms postponing R&D expenditure until after the introduction

of the tax credit in April 2002. Results with R&D per worker as the dependent variable reported in

Table 7 are very similar to the finding in Table 6.

4.3 Discussion

The UK R&D tax incentive scheme has gradually become more generous, now with more than £1

billion cost to the Exchequer in foregone corporation tax revenue annually. The findings of this paper

suggest a robust 18-23 percent increase in R&D spending after the enterprises in the treatment group

became eligible for this tax incentive.

The ONS data allows us to estimate that the total R&D spending in the size band of interest for

this study (100-399 employees) in 2003 by the manufacturing sector was about £747 million. Using

micro level data on BERD, we can estimate that 68 percent of this, or £506 million, was done by the

enterprises in the treatment group (250-399 employees). If our most modest estimate of an 18 percent

increase applied to all R&D undertaken by manufacturing firms with 250-399 employees, then the

additional R&D generated for this size group would have been about £77 million in 2003 prices.

From the estimate of 18-23 percent, one can back out the elasticity of R&D with respect to its user

cost, utilizing the finding that the introduction of the large company scheme resulted in a reduction

in the user cost of R&D by about 13 percent in the UK (Bond and Guceri (2012)). The lower bound

of 18 percent increase in spending therefore corresponds to a user cost elasticity estimate of about

-1.35.
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Table 6: Robustness Checks (I) - 2002-2003 omitted, dep. var. real R&D (natural log)

1 2 3 4 5 6 7 8 9 10

control, pre 5.484 2.236 5.596 4.86 6.234 -3.142 2.575 -0.428 -7.524 -0.542
(66.76) (9.10) (55.24) (15.61) (4.79) (-4.23) . (-0.36) (-4.46) (-0.44)

treated group 0.552 0.555 0.552 0.557 0.564 0.203 0.549 0.563 0.199 0.562
(5.40) (6.05) (5.39) (6.05) (5.95) (1.99) (5.76) (5.52) (1.85) (5.49)

post-reform period -0.0847 -0.13
(-0.88) (-1.44)

diff-in-diff 0.16 0.221 0.171 0.225 0.211 0.191 0.226 0.221 0.19 0.217
(1.17) (1.81) (1.25) (1.84) (1.69) (1.58) (1.80) (1.71) (1.53) (1.67)

ln(employment lag) 0.128 0.0196
(1.09) (0.15)

ln(real turnover lag) 0.511 0.618
(5.86) (7.50)

empl. growth (lag) 0.254 0.463
(2.05) (3.28)

turn. growth (lag) -0.0463 -0.231
(-0.74) (-3.21)

sector dummies No Yes No Yes Yes Yes Yes Yes Yes Yes
year dummies No No Yes Yes Yes Yes Yes Yes Yes Yes
sector dummies*year No No No No Yes Yes Yes Yes Yes Yes
No of obs 2608 2608 2608 2608 2608 2594 2594 2311 2311 2311
t-values in brackets below the coefficient
standard errors clustered at the enterprise level
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Table 7: Robustness Checks (II) - 2002-2003 omitted, dep. var. real R&D per worker (natural log)

1 2 3 4 5 6 7 8 9 10

control, pre 0.465 -2.576 0.576 -0.207 1.857 -4.865 -2.04 -5.584 -9.486 -5.701
(5.82) (-6.72) (5.72) (-0.79) (1.41) (-7.93) . (-4.74) (-6.08) (-4.75)

treated group 0.090 0.099 0.089 0.100 0.106 0.024 0.088 0.102 0.033 0.101
(0.92) (1.12) (0.90) (1.12) (1.16) (0.25) (0.97) (1.04) (0.33) (1.03)

post-treatment period -0.0763 -0.115
(-0.81) (-1.29)

diff-in-diff 0.142 0.202 0.154 0.206 0.197 0.179 0.214 0.208 0.169 0.204
(1.06) (1.71) (1.16) (1.75) (1.64) (1.52) (1.78) (1.68) (1.39) (1.63)

ln(employment lag) -0.422 -0.553
(-4.08) (-5.27)

ln(real turnover lag) 0.475 0.591
(5.82) (7.61)

empl. growth (lag) 0.264 0.457
(2.29) (3.58)

turn. growth (lag) -0.057 -0.234
(-1.02) (-3.36)

sector dummies No Yes No Yes Yes Yes Yes Yes Yes Yes
year dummies No No Yes Yes Yes Yes Yes Yes Yes Yes
sector dummies*year No No No No Yes Yes Yes Yes Yes Yes
No of obs 2608 2608 2608 2608 2608 2594 2594 2311 2311 2311
t-values in brackets below the coefficient
standard errors clustered at the enterprise level
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5 Conclusion

The number of countries which offer R&D tax incentives to stimulate business R&D spending has

been increasing rapidly in the past few decades. After a long period of relative decline in aggregate

R&D intensity, the UK joined the group of countries which offer generous fiscal incentives for R&D

in 2000 with the introduction of the SME Tax Relief Scheme, followed by the large company scheme

in 2002. In this study, the gap in the timings of these two policies was utilized to obtain difference-in-

difference estimates of the impact of the large firm tax credit on those large firms that are closest in

size to the largest SMEs, which were already benefiting from the SME scheme when the large company

scheme was introduced.

Tax credits have a direct effect on the user cost of R&D capital, or the required rate of return

from the marginal R&D project which is just sufficient for the project to be commercially viable.

Based on the neoclassical optimal capital accumulation framework, an inverse relationship between

the user cost of R&D and the firm’s investment in R&D can be expected. Motivated by this theoretical

background, the empirical specifications in this paper examined the effects of the introduction of the

large company tax credit scheme on R&D spending and on R&D per worker at the enterprise level.

Controlling for firm size and growth using employment and turnover, more importantly, for changes

in the sectoral composition of our samples using dummy variables for two digit sectors of activity (and

their interactions with time), we found that treatment group companies which started to benefit from

the large company scheme in the 2002-03 fiscal year increased their R&D spending by around 18

percent in comparison to the control group after the introduction of the policy. The announcement

of the scheme pre-dated implementation by about a year; therefore, we conducted robustness checks

to verify that the effect found in this study was not simply a result of the postponement of R&D

spending to the period after the introduction of the scheme.

The robust 18 percent increase over the counterfactual scenario of no tax credits for large firms

corresponds to an elasticity of R&D with respect to its user cost of around -1.35. If we assume that

the estimate of an 18 percent increase applies to all R&D undertaken by manufacturing firms with

250-399 employees, then the additional R&D generated for this size group would have been about £77

million in 2003 prices. Given that the total cost of the large company scheme to the Exchequer was

£340million, and assuming that the treated firms in our sample would be responsible for the same

share of the cost as their share in total R&D, we may argue that the firms in our treatment group was

responsible for a cost of about £20 million in foregone taxes. This then translates to the generation

of an additional £3.85 in R&D per pound foregone in taxes.

According to our findings, the UK R&D tax incentive scheme has been successful in generating a

considerable amount of additional R&D spending by the business sector. Further research may seek

to shed light on the decomposition of this improved performance into different expenditure items such
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as researcher salaries and newly hired researchers, using more detailed data.

40



A Data appendix

A.1 Data cleaning

BERD data is available at the ‘reporting unit’ level, which corresponds to the geographical unit

that has the postal address of the firm. The reporting unit may or may not be larger than a ‘local

unit’, therefore it may be larger than a single plant or a single R&D lab. It may be attached to the

headquarters or can be a separate unit. A slightly larger statistical unit than the reporting unit is

the ‘enterprise’, which is defined in the EU Regulation on Statistical Units (EEC 696/93) as “...an

organizational unit producing goods or services, which benefits from a certain degree of autonomy

in decision-making, especially for the allocation of its current resources...”. BERD observations have

the reporting unit as their identifier and most of them also contain the enterprise reference number.

Missing values for the enterprise references in BERD have been filled using the ARD, which contains

both the reporting unit and enterprise reference numbers. Other information in ARD has not been

used due to the low overlap between the BERD and ARD stratified sample for firms in the size range

which is the main focus of this study.

An ‘enterprise group’ is defined as “an association of enterprises bound together by legal and/or

financial links. A group of enterprises can have more than one decision-making centre [...]. It consti-

tutes an economic entity which is empowered to make choices, particularly concerning the units which

it comprises (EEC 696/93)”. The definition of an enterprise group is important for our purposes, as

assignment to the control group depends on whether the group as a whole satisfies the criteria for

eligibility to the SME scheme.

Reporting unit level R&D data in BERD is aggregated to the enterprise level to match with BSD.

For enterprises with multiple reporting units, only those that have all associated reporting units with

non-imputed values have been kept. The procedure of removing reporting units with imputed values

reduced the sample size substantially, while the fact that all reporting units needed to be aggregated

to the enterprise level did not seriously worsen the reduction in sample size.

Similar to ARD, BERD provides information on both the reporting unit and enterprise references

for each observation, but around a total of 40,000 observations appear to be missing the enterprise

reference numbers in BERD for the years included in this study18. To remedy this problem, the ARD

dataset was used, completing a significant portion of the missing enterprise references in BERD. This

was possible, because the micro level ARD dataset with some basic information is available for all

observations, even if they are not selected for sampling in a given year. Other information in ARD

than the reporting unit-enterprise reference mapping was not used, as the sampling ratios in ARD

are different from those in BERD for the size range of interest in this study and we did not observe

18By an observation, here we mean a unique reporting unit-year combination.
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sufficient overlap between sampled observations in BERD and ARD in the relevant size range19.

In order to match the data with the business register, it was necessary to sum reporting unit values

to the enterprise level as BSD is provided at the enterprise level, which is also a more meaningful

economic unit in comparison to the reporting unit to run the analyses. Nevertheless, we later ran

robustness checks at the reporting unit level and observed that the results were not highly affected by

the change in units. Table 8 presents the number of observations left in various data cleaning steps.

The number of non-imputed observations are also presented in this Table, where it can be seen that

sampled enterprises constitute a small fraction of total enterprises which were identified as conducting

R&D. Appendix A.2 provides further information about the imputed values in the BERD data set. In

the Table, the number of enterprises which only have one reporting unit, and the number of enterprise

groups that only have one enterprise are provided to give an idea about the group structures, and also

the large overlap between the reporting unit and the enterprise.

Table 8: Number of reporting units and enterprise references across years

Year 1998 1999 2000 2001 2002 2003 2004 2005 2006

All BERD, total rows 14,906 14,226 16,272 15,666 19,407 17,141 19,384 20,364 24,251
All BERD, total real responses 2,037 3,168 3,051 3,103 3,132 3,017 3,166 3,036 2,769
Unique rep unit year obs in BERD 9,197 8,544 9,515 9,506 11,896 10,334 12,783 13,874 18,018
Unique rep unit year real responses in BERD 1,369 2,384 2,344 2,472 2,483 2,519 2,641 2,529 2,252
Rep units singly attached to an enterprise 8,552 7,920 8,645 8,850 10,945 10,064 12,361 13,186 17,552
Total BERD represented by the rep units
singly attached to an enterprise

76% 80% 81% 77% 85% 80% 69% 69% 74%

Unique entref year obs in collapsed BERD 8,622 7,987 8,729 8,937 11,055 10,167 12,529 13,301 17,672
Number of entref year observations with all
non-imputed rep unit observations

1,296 2,303 2,248 2,383 2,342 2,406 2,492 2,389 2,094

Number of entref year observations with all
imputed rep unit observations

7,292 5,654 6,437 6,509 8,646 7,702 9,978 10,853 15,516

Number of entref year observations with
some imputed rep unit observations there-
fore needed to be dropped

34 30 44 45 67 59 59 59 62

Number of entref year observations with all
non-imputed rep unit observations-all un-
matched entrefs to BSD

1,232 2,239 2,186 2,300 2,268 2,317 2,440 2,279 2,060

Unmatched to BSD 64 64 62 83 74 89 52 110 34
Number of enterprise groups in the resulting
data set

1,059 1,949 1,975 2,127 2,114 2,178 2,244 2,164 1,944

Enterprises singly attached to an enterprise
group

972 1,797 1,846 2,014 2,008 2,080 2,118 2,089 1,861

Number of groups with more than a single
enterprise

87 152 129 113 106 98 126 75 83

Total BERD represented by enterprises
singly attached to an enterprise group
(within this ’non-imputed, BSD-matched’
data set

59% 44% 54% 69% 67% 74% 80% 86% 77%

Filter further to, real R&D> £10K and non-
missing; number of enterprises

1,188 2,095 2,041 2,152 2,163 2,192 2,316 2,162 1,965

Filter further to real R&D> £10K and non-
missing, active, employment size band 100-
400; number of enterprises

347 598 523 517 442 472 730 485 448

Filter further to real R&D> £10K and non-
missing, active, employment size band 100-
400 and manufacturing; number of enter-
prises

265 454 396 376 286 324 551 293 273

A.2 Imputed values in BERD

For the analyses in this paper, the BERD data set has some drawbacks, which arise from its

sampling procedures. There are two types of questionnaire forms sent out to firms: a long form and a

short form. About 400 largest spenders (those who spent more than £3 million in the given year) on

19ARD contains important information such as gross value added and other variables from the
Annual Business Inquiry.
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R&D receive a long form questionnaire, and the rest receive a short form questionnaire. This latter

form contains a small set of questions tracing basic information such as the unit’s: (i) in-house R&D

expenditure, (ii) extramural R&D expenditure, (iii) full time equivalent number of R&D personnel,

and (iv) total headcount on R&D. In the micro level data set, unfortunately there is no short-form

based information on the number of R&D personnel or total headcount on R&D. The long form

collects a much wider set of variables, including a breakdown of R&D expenditure to product groups;

capital and current expenditure, broken down into salaries and other current expenditure; sources

of funding for R&D; a breakdown of the skills set for R&D employment; and a breakdown of R&D

expenditure into geographic locations (UK postcodes). As smaller firms tend to spend less on R&D

than larger firms, the information available on SMEs is mostly limited to the questions asked in the

short form.

The group of smaller firms (as they are less likely to be among the top 400 spenders) are subject

to sampling at different sampling fractions depending on their size measured by employment. Since

the stratified sampling procedure is repeated every year, this causes many gaps in the time series data,

making it difficult to obtain a clean panel structure with the same firm being followed across time.

Based on the publicly available BERD First Release data20, the breakdown of participants to BERD

Inquiry into long and short form recipients is around 4000 sampled firms, out of which around 400

are sent a long form and the rest are sent a short form. Out of the firms which receive short forms,

all those with more than 400 employees are sampled. In our size band of interest, which has firms

with 100-400 employees, the sampling ratio is 1:3. The smallest firms, that is, those with less than

100 employees are sampled with a 1:4 ratio.

When aggregating the data for the BERD publication, the ONS imputes the values for the un-

sampled firms based on their employment number and product group. In each of the 99 product

group-size band ‘cells’ available (33 product groups over 3 size bands), the values for the unsampled

observations are imputed using the average R&D per worker value of those observations which are

not imputed, with employment as the scaling variable. For instance, if an unsampled firm in sector

H (Pharmaceuticals) and size band 2 (100-400 employees) has “x” employees (this information is

available through the IDBR for all firms), their unknown in-house R&D spending is imputed as the

mean R&D per worker in that cell multiplied by the employment number “x” of the observation. This

imputation procedure introduces a high level of variation across years for a given reporting unit when

the micro panel version of the data set is used. The variance of the growth rate in R&D spending

from one year to the next increases significantly between two years of data when these are imputed,

and also when one of the two values is imputed. Figure 11 demonstrates the uneven distribution of

changes in R&D over time when the observation moves from an actual value to an imputed value

and vice versa. The distribution of R&D growth rates is a smooth bell shaped curve only for those

20Until 2007, this publication was part of the MA14 Business Monitor.
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observations which move from an actual value to another year’s actual value.

Figure 11: Kernel density estimates for y-o-y real growth in R&D, size band 100-399

While aggregating from the reporting unit level to the enterprise level, it would not be consistent

to add up an imputed value with a nonimputed value, hence we only aggregate the nonimputed values

for each observation where available. For the enterprise-year observations which include an imputed

value by one of the reporting units, the whole enterprise-year observation is considered as ‘missing’.

A.3 Sector distribution of enterprises

Heterogeneities across treatment and control groups in terms of their sectoral compositions have

been discussed in Section 3.4. Table 3 demonstrated that the change in sectoral compositions over

time requires us to control for sectors in the estimation stage. More detailed evidence on this can be

observed in Table 9, where the distribution of observations over two digit manufacturing sectors is

presented. In the table, columns represent number of observations in a given sector, period (pre or

post) and treatment or control group. The percentages show the share of observations in the sector

for a given cell, where a cell can be one of the following: (i) control group pre-treatment, (ii) control

group post-treatment, (iii) treatment group pre-treatment, and (iv) treatment group post-treatment.
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Table 9: Distribution of observations across product groups

TREATMENT GROUP CONTROL GROUP
Own
tech pre %in post %in pre %in post %in
class total total total total

Pharmaceuticals H 29 3% 15 2% 11 1% 36 5%
Office machinery H 26 3% 18 3% 18 2% 15 2%
Radio, TV, comm. H 74 7% 71 10% 64 8% 93 13%
Precision instruments H 121 12% 64 9% 90 12% 82 11%
Refined petroleum M .. .. .. .. .. .. .. ..
Chemicals M 130 13% 75 11% 91 12% 90 12%
Machinery M 166 16% 114 16% 145 19% 111 15%
Electrical machinery M 90 9% 60 9% 60 8% 44 6%
Railway, rolling stock M .. .. .. .. .. .. .. ..
Aircraft, spacecraft M 16 2% 13 2% .. .. .. ..
Recycling M .. .. .. .. .. .. .. ..
Food, beverages, L 47 5% 52 7% 31 4% 35 5%
Textiles and clothes L 36 4% 17 2% 24 3% 13 2%
Wood, paper, L 19 2% 15 2% 20 3% 23 3%
Rubber and plastics L 56 5% 44 6% 29 4% 38 5%
Nonmetallic minerals L 29 3% 17 2% 20 3% 24 3%
Basic iron L .. .. .. .. .. .. .. ..
Nonferrous metals L 14 1% 20 3% .. .. .. ..
Fabricated metals L 45 4% 23 3% 38 5% 29 4%
Motor vehicles L 56 5% 40 6% 25 3% 32 4%
Shipbuilding L .. .. .. .. .. .. .. ..
Furniture L 29 3% 20 3% 33 4% 26 4%
Total 1021 704 756 737
..disclosive
H: High tech, M: Medium tech, L: Low tech
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Chapter 2

Fiscal incentives in R&D intensive sectors:
using corporation tax returns to evaluate the impact

(co-authored with Li Liu)

Abstract

Significant changes were introduced to the UK R&D tax incentive scheme
in 2008, with the enhanced deduction rates rising for SMEs from 150 percent
to 175 percent and for large firms from 125 to 130 percent. In addition, the
SME definition was expanded to include some companies that were previously
labeled as ‘large’. For a company that for tax credit purposes moved from ‘large’
status to ‘SME’ because of this change, the reforms together meant up to a
27 percent reduction in the user cost of R&D capital, which is sizable. We
estimate how qualifying R&D expenditure for the tax credits responds to changes
in the R&D tax credit, by exploiting differential effects of R&D tax incentives on
companies around the size threshold for eligibility to the SME scheme. We use
difference-in-differences to estimate the effect of the policy reform and find that
treated companies increased their R&D intensity by about 12 percentage points
in response to the SME definition change.
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1 Introduction

Tax incentives are one of the main policy tools used by governments around the

world to stimulate the level of business expenditure on research and development

(R&D). This paper evaluates the effectiveness of fiscal incentives in R&D intensive

sectors in the United Kingdom. First introduced in the UK in the period 2000-2002,

tax incentives for R&D in the UK have become increasingly generous. However, a rig-

orous evaluation of the efficacy of the R&D tax incentives has proven difficult, partly

due to the lack of suitable microdata and partly due to the lack of a compelling iden-

tification strategy.

This paper aims to identify the causal effect of tax incentives on R&D investment

using the population of corporation tax records that provide precise information on

the amount of firm-level R&D expenditure that qualify for the tax incentive. Using

the corporation tax records allows us to identify for each R&D active company the

precise tax positions (for example, whether they have any taxable profits) and the

corresponding rate of deduction for qualifying R&D expenditure against the taxable

profit, enabling us to measure the variation in the R&D tax credit. By linking the tax

record to the financial statement for each company and year, we observe in addition

other contemporaneous, non-tax determinants of R&D investment such as firm age,

profitability and growth rate, which allows us to disentangle the true effect of the

credit from other confounding factors.

Significant changes were introduced to the UK R&D tax incentive scheme in 2008-

09, which resulted in differential changes in the R&D user cost of capital faced by small

and medium sized (SMEs) companies compared to large companies. Specifically, the

2008 tax reform increased the enhanced deduction rate from 150 to 175 percent for

SMEs and from 125 to 130 percent for large companies. More importantly, the reform

expanded the SME definition by doubling the thresholds measured in employment

size, turnover and total assets. As a result, a number of companies that would have

been classified as large companies under the old system became qualified as SMEs. In

the same year, the statutory corporation tax rate on small profits increased by one
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percentage point to 21 percent, whereas the main rate dropped from 30 percent to

28 percent. Incorporating all these changes, for a company that moved from large to

SME status because of this change, we estimate that the overall effect of the reform

amounts to a 29 percent reduction in the user cost of R&D capital. By comparison, the

reform brought relatively little change in the user cost of R&D capital for companies

that remained as SMEs or remained as large companies.

Exploiting the differential change in the R&D tax incentives as identifying varia-

tion, we estimate the causal effect of the tax credit on qualifying R&D expenditure

using a difference-in-difference (diff-in-diff) approach. Firms in the treatment group

comprise those newly-defined SMEs as a result of the 2008 reform, and firms in the two

alternative control groups consist of SMEs that are slightly below the old threshold and

large companies that are slightly above the new threshold. For the diff-in-diff approach

to be consistent, it must hold that other differences between treated and control com-

panies are not systematically related to changes in R&D investment over the treatment

period. While this assumption cannot be directly tested, we show that there are no

significant trend differences in R&D investment between treated and control companies

in the pre-2008 period.

With the approach described above, we find that the treated companies on aver-

age increased the R&D intensity by around 12 percentage points in response to the

increased tax incentive generosity in 2008. The positive and significant effect of R&D

tax incentive is robust to the use of alternative control groups, to the inclusion of

controls for non-tax determinants of R&D investment, as well as to varying the time

period to control for any potential anticipation effect. This robust evidence supports

the effectiveness of tax incentives on the intensive margin of R&D investment. We fur-

ther examine extensive-margin adjustments of R&D investment and find no evidence

that this reform encouraged firms to undertake R&D investment if they had not done

so before. In addition, we examine the response of wages to tax incentives and find

no significant effect of the reform on total wages and salaries in companies engaging in

R&D.

The remainder of the paper is structured as follows. Section 2 describes in detail
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the deduction rates and the SME definition change that were introduced in the 2008

tax reform. Section 3 describes the data sources and summarizes the dataset used for

the analysis. Section 4 explains the research design and reports the main results as

well as several robustness checks. Section 5 discusses the main findings. Section 6

concludes.

2 Policy background

The UK introduced R&D tax incentive schemes in 2000 for SMEs and in 2002

for large companies. Since its introduction, the R&D tax incentive scheme has be-

come more generous for both SMEs and large companies, following a pledge from the

Government to increase business R&D documented in a number of official documents,

including the 2007 and 2008 Pre-Budget and Budget reports. The UK R&D tax relief

started in 2000 in the form of an enhanced deduction for SMEs, then got expanded

in 2002 to also support R&D by larger companies at a lower rate. Until the changes

studied in this paper, the SME scheme allowed companies to tax deduct £150 for ev-

ery £100 spent on qualifying expenditures on R&D and the large company scheme

allowed a deduction of £125 for every £100. A cash credit was (and still is) available

for SMEs which are in a loss-making position and the amount of cash paid to such

SMEs amounted up to 16 percent of the total surrenderable loss of the claimant (see

Appendix A for the details on cash benefits for SMEs). In April 2008, the large com-

pany deduction rate increased from 125 percent to 130 percent and the SME deduction

rate increased from 150 percent to 175 percent. The cash credit rates for SMEs were

adjusted to keep the cash benefits at a maximum of 24-24.5 percent of total R&D

spending by the company. The treatment of subcontracted R&D remained the same

and required that the R&D carried out by an SME which operates under a subcon-

tracting relationship with a large company can only benefit from the large company

scheme, which features a lower deduction rate and a lower cash credit rate.

The transition from the Labour Government to the Conservative-Liberal Demo-

crat Coalition Government after the 2010 general elections did not change the R&D
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policy substantially; the new Government continued to support the R&D agenda and

strengthened its commitment to increasing business R&D through tax incentives. In

2011, further changes were announced to the SME scheme, increasing the deduction

rate further 200 to percent in 2011 and to 225 percent in 2012. From 2013 onwards,

an optional tax credit, which is directly deducted from the final tax liability of com-

panies and is itself taxable, was introduced for large companies at a rate equivalent

to the enhanced deduction rates (a taxable credit rate amounting to 10 percent of

R&D expenditure). It was also announced that the large company scheme would com-

pletely switch to an above-the-line taxable credit from April 2016 onwards. Figure 1

summarizes the changes in rates starting in 2008.

Figure 1: Evolution of R&D tax relief deduction rates

The tax price of R&D was not only affected by the R&D tax incentive over the

period of interest for this study. A gradual change in the corporation tax rates also

took place in the last decade. Between 2002 and 2006, the main rate for corporation

tax was 30 percent, and the small profits rate, which applied to companies with taxable

profit less than £300,000, was 19 percent1. In the 2006-07 financial period, the small

profits rate increased to 20 percent, and then to 21 percent in 2007-08. From 2011-12

onwards, the small profits rate has been maintained at 20 percent. The main rate has
1Between 2000 and 2005, there was also the ‘starting rate’ rule, which allowed initially a 0 percent

rate on companies with taxable profits less than £10,000. This rate was then increased to 10 percent
until the end of the scheme in 2005. For taxable profits between £300,000 and £1.5 million, marginal
tax relief fractions apply.

53



gradually been dropping. In 2007-08, the main rate dropped from 30 percent to 28

percent, and then in 2011-12, to 26 percent, followed by further annual drops to 24

percent, then to 23 percent, finally reaching 21 percent in 2014-15.

While the rate changes in the R&D tax incentive and corporation tax alter the

tax price of R&D spending, the most dramatic reduction in the cost of marginal R&D

investment for a group of firms was introduced in the August 2008 reform, which

changed the definition of a small or medium sized enterprise (SME) used to determine

eligibility for the more generous tax treatment of R&D by doubling all the thresholds

for defining an SME. Other types of tax allowances for SMEs apart from the R&D tax

relief were not affected by this definition change. These thresholds are presented in

Figure 2. Specifically, before the reform, a UK company was defined as an SME if (i)

it has fewer than 250 employees, and (ii) its total asset size is less than e43 million

or its annual turnover is less than e50 million. After the reform, a UK company is

defined as an SME if (i) it has fewer than 500 employees, and (ii) its total asset size

is less than e86 million or its annual turnover is less than e100 million. As a result,

there was a range of companies that became qualified as SMEs but would have been

classed as large companies under the old thresholds. Thus in 2008, the SME R&D

tax incentive scheme became more generous, and covered all the newly-defined SMEs.

Combining the effect of both the rate increases and the SME definition change, an SME

that was previously labeled as ‘large’ before the reform could deduct, for every £100

of qualifying R&D, £125 against its taxable profit in financial year 2007-08 and £175

in 2009-10. Given that the eligibility thresholds reform took place in mid 2008-09, the

amount of R&D performed in 2008-09 was apportioned as follows: the amount of R&D

spent prior to 1 August 2008 was subjected to the revised large company rate of 130

percent, and the amount spent on or after 1 August 2008 was subjected to the revised

SME rate of 175 percent2. Newly-qualified SMEs also became eligible to claim cash if

they incur zero or negative taxable profits in the current financial year. Details of cash

benefits are explained in Appendix A.
2HMRC asks that the companies make a distinction between expenditure incurred before and after

1 August 2008 in calculating the total enhanced spending on R&D in the calculation of the corporation
tax liability for the accounting period which includes 1 August 2008.
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Figure 2: Size thresholds for SME tax credit

Figure 2 shows an earlier SME definition change in 2005, included for the purpose of

completeness, which only affects the balance sheet and turnover thresholds. Unlike the

2008 reform, the 2005 definition change applied to other tax allowances and benefits for

SMEs in addition to the R&D tax breaks, since it was a result of an EU-wide definition

change. As can be observed in the figure, the binding criterion to define an SME for the

purpose of the R&D tax incentive is the employment criterion, and the changes in the

balance sheet size and turnover criteria in 2005 have been small, unlikely to generate

any behavioral changes in R&D spending. For these reasons, we did not consider the

2005 definition change as a separate policy experiment.

In the Budget Report of 2006, the Government declared its intention to “...extend

additional R&D tax credit support to companies with 250-500 employees, subject to the

outcome of the state aids discussions with the European Commission. (HM Treasury

Budget Report, 2008, Article 3.80)”3.

This study aims to identify the causal effect of tax incentives on (qualifying) pri-

vate R&D by exploiting the 2008 SME definition change that applied only to companies

with 250-500 employees prior to the reform; such companies form a natural treatment

group that experienced an exogenous drop in their tax price of R&D. By compari-

son, companies that continued to be SMEs or large companies were unaffected by the
3It was therefore clear to companies with 250-500 employees then that this reform was very likely to

take place even two years prior to its implementation. We discuss implications of any such anticipation
effects in details in Section 4.1.
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change in R&D tax incentives that were introduced by this particular reform. Close

to the introduction of this SME definition change, concurrent changes in the R&D tax

incentives took place, as discussed earlier, which includes the increased deduction rates

for both SMEs and large companies. For this reason, around the time of implementa-

tion of this eligibility reform, holding all non-tax related variables constant, we would

expect part of the effect of tax policy on R&D spending of the treated firms to arise

from the increased deduction rates and part of it from the SME definition change.

There were also changes to marginal corporate tax rates during this period. The

main statutory tax rate dropped from 30 percent to 28 percent for companies with

taxable profits over £1.5 million in 2008-09, while the small profits rate increased from

19 percent to 20 percent in 2007-08 and further increased to 21 percent in 2008-09

for companies with taxable profits below £300,0004. A lower statutory tax rate also

decreases the value of the deductions, and we capture all these changes in the user cost

of R&D capital.

Against the backdrop of all these tax-related reforms, the tax component of the

user cost of R&D stock 5 evolved as depicted in Figure 3. The figure shows the changes

in the tax component of the user cost for different tax rate brackets and R&D relief

rates. Tax component of the user cost is calculated as 1−A
1−τ , where A is the value of

tax credits and depreciation allowances for £1 spending in R&D and τ is the statutory

tax rate. This formulation suggests that the value of tax credits and allowances A be

obtained by multiplying 1 + d, where d is the deduction rate, by the statutory tax rate

(for example, A = (1 + 0.5)τ for an SME in the pre-2008 period). The eligibility rules

for tax payments at the ‘small profits rate’ as opposed to the ‘main rate’ are separate

from the eligibility rules for the more generous R&D tax incentives for SMEs. The

distinction between eligibility for the main rate or the small profits rate for corporation
4Taxable profits between £300,000 and £1.5 million are subject to ‘marginal tax relief fractions’,

which allows companies in this tax bracket to claim relief by a fraction defined by HMRC on the amount
by which the company undercuts the £1.5 million threshold. These marginal tax rate fractions have
also been changing over the period of interest for this study, as they are adjusted according to the
rate changes. In 2007-08, this fraction was 10/400, which dropped to 7/400 in 2008-09.

5Figure 3 accounts for the change in the user cost for ‘current spending’ on R&D, which covers
researchers’ salaries, materials and supplies. As discussed in Chapter 1 of this thesis, on average,
around 90 percent of firm-level R&D expenditures are current spending. There has been no change
in the treatment of capital expenditures in R&D during the period studied.
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tax payments applies to all the companies, independent of whether they perform R&D

or not, and the rate applicable to a certain company depends on its taxable profits.

On the other hand, the eligibility criteria for the more generous R&D tax relief for

SMEs depends on firm characteristics as explained before, and it is not dependent on

the amount of their taxable profits.

In Figure 3, a representative company that is eligible throughout the period for

the R&D tax relief for SMEs experiences a drop in its user cost due to the increase

in the deduction rate from 150 percent to 175 percent. The increase in the deduction

rate from 125 to 130 percent for large companies is partly offset by the decrease in the

main statutory tax rate. The arrows indicate the transition for a company that was

labeled as ‘large’ before the SME definition change and as ‘SME’ after this reform.

A representative company that benefited from the definition change experienced a

decrease in the R&D user cost by around 21 percent between 2007 and 2009 if paying

at the small profits rate, and around 15 percent if paying at the main rate.

Figure 3: Tax component of the user cost of R&D on current spending
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3 Data

3.1 Description of the data sets

We linked two data sets to create the panel used in this study: (i) the universe of UK

corporation tax assessments from the HM Revenue and Customs (CT600); (ii) annual

company accounts from Bureau van Dijk’s Financial Analysis Made Easy (FAME)

Database.

The CT600 data set includes the population of company tax records and provides

information on the precise tax position of a company including its taxable profit, loss

brought forward, trading profit and losses, turnover, the amount of R&D tax deductions

and cash credits claimed for the periods under study, whether the company claimed

under the SME scheme or the large company scheme, and the total amount of sub-

contracted R&D for an SME company claiming as a subcontractor under the large

company scheme. However, information on which R&D tax incentive was claimed is

missing for around 20 percent of companies with qualifying R&D, since they report a

positive enhanced deduction for R&D but did not fill the CT600 Boxes for SME (Box

99) or Large (Box 100) company6. We use two approaches to address this group of

companies with missing size indicator. The first approach excludes these observations

from the analysis altogether and thus ignores potentially useful information provided

by these companies. Alternatively, we rely on complementary accounting information

from FAME on the number of employees and total assets to predict whether a company

qualifies as an SME following the definition thresholds set out in Figure 2. The overlap

between these two approaches is discussed later in this section and in Appendix B,

where it has been shown that using the information on employment and total assets

from FAME is not successful in identifying the companies classified as large for the

purpose of the R&D tax relief. There is also not a substantial shift in the degree

of overlap between the CT600 identifier variable and the information gathered using

FAME around the time when the eligibility thresholds doubled.
6One of the reasons for this has been reported as the fact that the information from HMRC’s R&D

Compliance Units is missing in the data set.
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More than 90 percent of the tax records are matched with company accounts in

FAME. The CT600 data currently covers the financial years from 2000-01 until 2009-

107. Combining information on enhanced R&D expenditure, total amount of subcon-

tracted R&D and whether the company is SME or large, we are able to infer the

total qualifying R&D spending of each company in a given year. Specifically, we scale

down the total annual R&D enhanced expenditure for a company by the deduction

rate in the corresponding year. For example, an SME that reports £30,000 of en-

hanced deduction and £25,000 of SME claim under the large company scheme as

sub-contractor before the 2008 rate changes must have undertaken a total qualifying

R&D of £30,000∗(100/150)+£25,000∗(100/125) =£40,000.

Table 1 presents an overview of the number of observations in CT600 with non-

missing R&D information, which comprises the universe of companies with qualifying

R&D expenditure over the sample period. In each financial year, we compare the

number of observations with a positive R&D enhanced deduction, the number of SME

sub-contractors, the number of observations with positive repayable credit, and the

total number of observations that checked Box 99 and Box 100 for SME and large

company claims, respectively. The size of the qualifying R&D sample in the UK has

gradually increased over the sample period, as indicated by the increasing number of

observations in each column. Over the same period, the share of claimants of the

R&D tax relief in total corporation taxpayers increased from around 0.4 percent to 0.9

percent, meaning that the number of R&D tax relief claimants increased more than

proportionately. In Table 1, the discrepancy between the first and final columns is

due to the group of companies with missing size indicators since we were unable to

calculate the total qualifying R&D using the CT600 data without knowing the precise

deduction rate. There are also cases where the size indicator is available, but the

enhanced R&D amount is missing, although these cases are less frequent than the

opposite. It appears that the cases with missing information on enhanced deductions

dominate only in 2002-03.
7At the time of drafting of this chapter, the HMRC teams have been working on an updated version

of CT600 to cover an additional two years.
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Table 1: Number of observations in CT600 with R&D information

Enhanced SME Repayable SME flag Large flag
deduction subcontractor credit (Box 99) (Box 100)

FY (I) (II) (III) (IV) (V) (IV)+(V)
2001-02 2063 .. 939 203 .. ..
2002-03 3381 80 1270 3690 391 4081
2003-04 4004 108 1281 3160 592 3752
2004-05 4354 157 1241 2863 699 3562
2005-06 4478 221 1203 2858 775 3633
2006-07 4954 260 1237 3206 849 4055
2007-08 5801 270 1374 3660 1040 4700
2008-09 6780 329 1545 4244 1177 5421
2009-10 7931 384 1629 4778 1216 5994

We complement the CT600 data with additional firm characteristics in FAME and

construct an alternative SME flag using information from the employment, turnover

and total asset variables. We then check the quality of the FAME SME/large indicator

by comparing with the CT600 size indicator. It is crucial to define the SME status of a

company accurately in each year, as we rely on this information to define the treatment

group as companies that switched from large to SME in the year of implementation of

the reform. While we leave the detailed explanation of the construction of this variable

and its overlap with the CT600 indicators to Appendix B, it is important to note

that the success rate of the FAME indicator in labeling a company that ticked Box 99

(SME) is around 97 percent, while the success rate of the FAME indicator in predicting

a company that ticked Box 100 (large) as large is much lower and around 43 percent.

One potential explanation for the low success rate of FAME indicator in predicting large

company status is that SMEs which belong to a larger company group are classified

as large companies for the purpose of the R&D tax incentive scheme. Currently there

is no precise information on firm ownership in the linked CT600-FAME dataset used

in this study, so that we cannot re-classify firms which appear to be SMEs in our

FAME data but which have large parent companies in the same way. We thus focus

the presentation here on the sub-sample with SME or large company status recorded

in the CT600 data, and we outline the methodology for using the alternative FAME

indicator in Appendix B.
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3.2 Qualifying R&D and total BERD

Chapter 1 of this thesis discussed the trends in UK’s performance in Business

Enterprise Research and Development (BERD) and it has been demonstrated that the

overall BERD intensity measured as the share of total BERD in total value added in

the UK has been on a slightly declining trend in the last 25 years. Over the period

2001-2009, the BERD intensity has been roughly stable, at a ratio of around 1.2-1.4

percent. Chapter 1 also underlined the role of the structural transformation in the UK

economy from manufacturing towards services in the last three decades, showing that

the modest performance of aggregate BERD intensity may be partly attributable to

this shift, since the R&D intensity in high technology manufacturing sectors was on the

rise, however, the share of manufacturing in total value added declined substantially.

Using the CT600 data set has the advantage of providing information on the uni-

verse of the actual claimants of tax incentives rather than the intent to treat, which is

a prediction by the researcher that has to ignore the issue of take up. On the other

hand, a drawback of the CT600 data set is that it provides no information on R&D

spending that does not qualify for the tax relief. In an evaluation of the UK R&D tax

relief schemes, the ideal scenario would be to merge the BERD data from ONS sources

(used in Chapter 1) with the CT600 data set used in this chapter and to consider the

interactions between qualifying and non-qualifying R&D expenditure, but this is not

possible as currently ONS and HMRC data cannot be linked8.

The HM Revenue and Customs Corporate Intangibles and R&D (CIRD) Manual

identifies three main categories of qualifying expenditures for the purpose of the R&D

tax relief. These include staffing costs, consumables (such as water and electricity) and

software directly used in R&D, and subcontracted R&D. Additionally, contributions by

the companies to research undertaken at independent research institutions (academic or

other research institutions which are not connected to the firm) qualify under the large

company scheme if they are relevant for the company’s main activity. By definition,

qualifying expenditures exclude any spending that is only indirectly related to the R&D
8Naturally, any R&D carried out before the introduction of the R&D tax relief is not observed in

the CT600 data.
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activity of the firm.

We complement the CT600 size indicator with the FAME size indicator for compa-

nies with missing CT600 size indicator to compute the aggregate qualifying R&D ex-

penditure in CT600. Ignoring information on R&D expenditure provided by this group

of companies would result in underestimation of the total qualifying R&D. Specifically,

for companies with positive R&D deduction and missing Box 99 and Box 100 infor-

mation, we use the FAME data to identify their size category. At firm level, annual

qualifying R&D is calculated by scaling the enhanced R&D value to the expenditure

on which the claim has been made.

According to the ONS estimates, the total current R&D spending by all UK busi-

nesses amounted to around £12.5 billion in 2005, which increased to around £14.5

billion in 2009 (in nominal terms). The ratio of total qualifying R&D spending that is

observed in HMRC data to the aggregate current spending in BERD published by the

ONS has been around 50 percent over the period in which HMRC data can be observed.

Several potential explanations for this relatively small ratio include, but are not limited

to: (i) R&D spending in the non-corporate sector, (ii) low take up by eligible firms

which are not claiming and observed in the CT600 data, (iii) R&D spending that are

not qualified for relief, and (iv) missing information on R&D expenditure from HMRC’s

R&D Compliance Units that are not included in the CT600 data9. Regarding this final

point, the discrepancy is observed when the micro data totals on the number of claims

as presented in the final column of Table 1 are compared with the published statistics

from HMRC, which indicate that the micro data totals of SME and large company

claims remain at around 60-65 percent of the published statistics (without a change

over time in this ratio). The number of enhanced deductions and SME subcontractor

claims, on the other hand, are very close to the published aggregates, suggesting that

the missing information in CT600 from R&D Compliance Units may be an important

factor in explaining part of the differential between total BERD and total qualifying

R&D.
9HMRC is in the process of making this information available for analysis at the time of drafting

of this thesis chapter.
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Figure 4 demonstrates that the total qualifying R&D has risen steadily over time

until 2006-07, followed by a drop in 2007-08 and then continuing to rise in 2008-09.

The drop in 2009-10 may be attributable to the liquidity constraints driven by the

global recession or alternatively, could be due to delay in tax filings and R&D tax

incentive claims since it is the last year of the sample period, although there is no

support for this alternative explanation in Table 1. The drop in 2007-08 is more likely

to be driven by the anticipation effect, since the announcement of the rate increase in

the forthcoming year may have caused a postponement of the qualifying R&D spending

to the subsequent period. In Section 4, we discuss such effects in detail and remove the

periods between announcement and implementation of the policy in the regressions.

Figure 4: Trends in total qualifying R&D expenditure, in real (2008) £million

3.3 Definition of treatment and control groups

We use two approaches to define the treatment and control groups, depending on

whether we utilize additional information from FAME to determine company size.

First, we use the information in Box 99 and Box 100 only to identify SMEs and large

companies which benefit from the R&D tax relief. Given its SME or large company sta-

tus, a company is defined as ‘treated’ if it carried out qualifying R&D or subcontracted
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work in either 2008 or 2009, is labeled as SME in at least one of these two years, and

further satisfies one of the following conditions: (i) labeled large and performed R&D

in 2006 and/or 2007, or (ii) labeled large and performed R&D in 2005 if it did not have

any R&D operation in 2006 or 2007, or (iii) labeled large and performed R&D in 2004

if it did not have any R&D operation in the following three years, or (iv) labeled large

and performed R&D in 2003, which is the last year for which the company undertook

some positive R&D investment before the 2008 reform.

Following a similar approach, we construct a control group of large companies and

a control group of SMEs. By further restricting companies in these two groups based

on employment size bands, we construct two control groups with more similar firm

characteristics to those in the treatment group. Specifically, a company is included in

the SME (large) control group if it carried out qualifying R&D or subcontracted work

in either 2008 or 2009, and is labeled ‘SME’ (‘large’) in at least one of the two years,

and satisfies one of the following: (i) either labeled SME (large) in 2006 and/or 2007

and performed R&D in that year, or (ii) labeled SME (large) and performed R&D in

2005 and did not have any R&D operation in 2006 or 2007, or (iii) labeled SME (large)

and performed R&D in 2004 and did not have any R&D operation in 2005, 2006 or

2007, or (iv) labeled SME (large) and performed R&D in 2003 and did not have any

R&D operation in the following years, or (v) labeled SME (large) and performed R&D

in 2002 and did not have any R&D operation in any of the later pre-reform years.

To ensure that the control groups include companies similar in non R&D character-

istics with those in the treatment group, we refine the definition of control groups based

on their employment size: a narrower SME control group including companies with at

least 100 employees, and a narrower large control group including companies with at

most 750 employees in all periods during which the employment variable is available.

We further check the robustness of our findings to the arbitrary cutoff points at 100

and 750-employee thresholds; experimenting with wider or narrower employment size

bands based on the distribution of employment in treated or control groups makes

little difference in the magnitude or the significance of the results presented later in

the paper.
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The second approach follows the same principles in defining the treatment and con-

trol groups, except that it complements companies with missing CT600 size indicators

with information from FAME. This increases the number of treated companies from

around 55 to around 130 in a given year.

3.4 Descriptive statistics

Based on the treatment definition utilizing the CT600 data only, around 55 firms

per year fall in the treatment group. This is a small number of companies, but all of

these companies are observed at least once before and once after the reform with most

of them observed in all years during the sample period. We construct two samples by

including the treatment group and the SME or large control group, respectively. Each

sample, for which the descriptive statistics in this section and the results presented

in Section 4 are obtained, includes all the treated observations and either the large

control group with companies with up to 750 employees (Sample Large-750), or the

SME control group with companies with at least 100 employees (Sample SME-100).

In Section 4, we also report results based on a larger SME control group which does

not exclude SMEs with less than 100 employees. For brevity we do not report the

descriptive statistics for this latter sample in this section.

The number of observations in the treatment, SME and large control groups is

presented in Figure 5. Refining control groups based on employment size bands gets

the number of observations and firm characteristics in the control groups closer to

the treatment group, but both control groups continue to have a considerably larger

number of observations. In Sample SME-100, there are up to 120 companies in each

year in the SME control group, and about 500 companies in the large control group in

Sample Large-750 throughout the sample period.10

The broad sectoral distribution of companies is very similar across treated and con-

trol groups, with 50 to 60 percent of the companies in manufacturing sectors. This
10Narrowing down this latter control group does not alter the average values of firm characteristics

reported in Tables 2 and 3 and the general aspects discussed below carry over to smaller sized control
groups composed of firms with more than 500 employees.

65



Figure 5: Number of observations across treatment and control groups

share is slightly higher in the SME control group, where 60 percent of firms operate

in manufacturing11. In the treatment and control groups of interest, the majority of

companies in the service sector belong to the two-digit SIC (2003) categories of either

‘research and development (73)’ or ‘computer and related activities (72)’. Companies in

these service sector categories mainly engage in research and development and produce

intellectual property or contractual arrangements with other companies that purchase

their R&D services as final outputs. The nature of service companies differ substan-

tially from production firms which produce manufactured products as final outputs. In

particular, we may expect an R&D intensity measure such as total R&D as a share of

the companies’ sales to be much larger in the service sector relative to manufacturing.

By construction, the sectoral composition of treatment and control groups remained

stable around the 2008 reform, ensuring that none of the identified policy effect is

driven by sectoral shifts between the manufacturing and service sectors.

Table 2 presents average firm characteristics by treatment and control groups. As

expected, the average sales and profit are higher in the large control group.

Throughout the observed period, the large control group experienced a steady up-
11Note that since we do not have any information on the breakdown of these companies’ fields of

research and development activity, we can comment only on the sector of their final product.
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ward trend in R&D intensity, while the treatment group and the SME control groups

demonstrate some fluctuation. On average, the treatment group also experienced an

upward trend in R&D intensity, and this metric for the SME control group remained

roughly stable. Later, we show that the median R&D intensities increased for all the

three groups between 2005 and 2009, with the treatment and SME control groups

experiencing a temporary drop in 2008 (Figure 8).

The summary statistics in Tables 2 and 3 treat each company that is a corporate

taxpaying unit individually, and do not take into account ownership relations between

these companies which may affect their characteristics such as employment size, sales

and total assets for the purpose of determining their eligibility for the different types

of R&D tax relief. Possibly because of this caveat, we observe smaller average firm size

values in each of the SME control, treatment and large control groups than the thresh-

old values of 250 and 500 employees, which we would at least expect the treatment and

large control groups to reach on average. Over the sample period, the average employ-

ment is around 190 for the large control group, around 170 for the SME control group

and around 160 for the treatment group. Company size measured by employment

drops for all the three groups in 2009, which is expected as a result of the recession

that began in the third quarter of 2008. Median employment values, which are not

shown in the tables, are also around the same ballpark figures reported for the means,

suggesting that the small employment numbers in treatment and large control groups

are not attributable to outliers in the tables.

Firm size measured by total assets of the firm does not appear to be as dramatically

affected by the recession as the average employment numbers, with a stable level of

average asset size around £12 million for the treated and SME control groups and

around £55 million for the large control group.

67



Table 2: Means of key variables across groups (I), values in real (2008) ’000 GBP

Sales Trading Profit/Loss
FY Treat SME Cont Large Cont Treat SME Cont Large Cont
2002-03 14,063 14,516 32,401 345 113 1,644
2003-04 16,707 14,458 34,603 334 258 1,958
2004-05 13,215 15,162 38,107 183 228 442
2005-06 14,642 15,541 39,770 553 232 2,927
2006-07 15,443 16,185 41,985 529 223 2,486
2007-08 16,574 16,253 45,839 417 -172 3,603
2008-09 16,249 17,370 50,071 410 198 4,842
2009-10 14,194 16,393 46,903 415 410 3,387

Table 3: Means of key variables across groups (II), values in real (2008) ’000 GBP
R&D Intensity Assets Employment

FY Treat SME Cont Large Cont Treat SME Cont Large Cont Treat SME Cont Large Cont
2002-03 0.5% 0.6% 4.2% 10,290 11,907 38,176 177 176 188
2003-04 2.8% 6.8% 4.9% 9,638 11,592 41,417 155 173 189
2004-05 3.6% 4.9% 7.9% 10,042 11,774 43,267 162 169 193
2005-06 11.9% 3.5% 8.7% 11,483 12,346 46,837 154 169 191
2006-07 5.6% 4.3% 8.7% 11,885 12,853 48,674 171 171 192
2007-08 13.3% 4.7% 8.7% 12,943 13,246 52,638 168 171 198
2008-09 6.6% 4.7% 9.6% 13,255 13,801 56,133 166 174 204
2009-10 23.5% 4.0% 10.6% 13,067 13,382 54,900 147 166 195
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If many firms are in a loss-making position, or if they are in different tax brackets,

then the value of the enhanced deduction may vary considerably, and this could mask

the identifying variation in the user cost generated by the policy reform. To rule out

this possibility, we calculate for each company-year observation a measure of the user

cost of R&D capital to assess whether variation in the tax component of the user

cost of capital indeed resembles the pattern depicted in Figure 3. Calculation of the

user cost of R&D capital here is based on simple assumptions mainly following Bloom

et al. (2002), with a fixed real interest rate of 5 percent and a depreciation rate of

R&D capital (obsolescence) assumed to be 30 percent. The R&D user cost has been

formulated as u = 1−A
1−τ (r + δ), where r and δ represent the assumed real interest rate

and the depreciation rate for R&D capital respectively, and the first term 1−A
1−τ is the

tax component. A = (1 + d)τ , where τ stands for the marginal statutory tax rate

that applies to the company’s profit bracket, d is the deduction rate and depends on

whether the company benefits from the SME or the large company tax relief. For

companies that are in a loss-making position in a given period, τ is assumed to be

zero. These assumptions are made as an approximation for demonstration purposes

and more refined estimates for the cost of capital should be obtained if the intention

is to estimate a structural R&D investment model. Figure 6 shows that the calculated

average user cost of capital indeed follows the pattern envisaged earlier in Figure 3

about the identifying variation in the tax component of the user cost triggered by the

eligibility reforms in 2008. On average, treated firms experience a decline in their tax

component of the cost of capital from 0.958 in 2007-08 to 0.887 in 2009-10, whereas

the large control group remain at around 0.950, and the SME control group experience

a more modest drop from 0.887 to 0.867 over the same period.

The patterns in firm characteristics shown in Table 2 suggest that the overall char-

acteristics of the treated group and the SME control group are very similar to each

other, whereas from the perspective of assessing the policy impact, the large control

group appears to be a more suitable benchmark given the stable user cost of capital

between pre- and post-reform periods for the firms that belong to this group.
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Figure 6: Average user cost of capital across treatment and control groups, tax com-
ponent

4 Results

4.1 Methodology

To identify the causal effect of the 2008 tax reform on R&D spending, we use a

difference-in-differences (diff-in-diff) methodology. Diff-in-diff examines the average

differential effect of the reform on R&D spending by the treatment group relative to

the control group. The validity of the diff-in-diff approach relies on the common trends

assumption which requires that, in the absence of treatment, the treatment and control

groups would have experienced the same change in the outcome variable between the

pre-treatment and post-treatment periods. We test this assumption by examining the

pre-reform trends in the R&D spending in the treatment and control groups. Figure

7 shows the trends in the average R&D intensity in treatment, large control (with up

to 750 employees) and SME control groups (with more than 100 employees), where

R&D intensity for each company-year observation is computed as the qualifying R&D

spending as a share of total turnover. On average, the pre-reform means tracks each

other roughly in the treated and large control groups, with some fluctuation observed
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Figure 7: Average R&D intensity across treatment and control groups

in the average R&D intensity in the treated group. The high volatility of the R&D

intensity in the treated group is likely due to the small sample size, but this does not

represent a violation of the common trends assumption.

To verify that the differential increase in the treated groups’ average R&D intensity

is not driven by outliers, we also present the evolution of median R&D intensity for the

period of interest in Figure 8. We observe that each of the three groups start at very

low median R&D intensities, growing roughly in parallel between 2005 and 2007. Both

the treatment group and the SME control group experience a drop in 2008, followed

by increases in the median R&D intensity in 2009, whereas the large control group has

a relatively stable median R&D intensity between 2007 and 2009.

The set up in the study appears to be an ideal one to apply a regression discontinuity

design with multiple thresholds, or using only the employment threshold as the running

variable to determine the effect of the policy by non-parametrically estimating the

jump in the outcome variable between the observations just above and just below the

size thresholds for eligibility to the SME scheme12. The data is unfortunately very

sparse around the threshold13 to apply smoothing techniques, and the requirement
12For a review of these methods, the reader may refer to, among others, Imbens and Wooldridge

(2009) and Lee and Lemieux (2010)
13Frequencies in relevant employment bins are lower than HMRC disclosure thresholds for us to

present evidence for this sparsity.
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Figure 8: Median R&D intensity across treatment and control groups

to condition on control variables increases dimensionality. To the parametric model

in Equation 1, second, third and fourth order controls for employment, turnover and

asset size have been included to experiment with alternative functional forms of the

running variables, but these did not alter the results found using the basic specification

and hence have not been reported in this paper.

Future work may consider using the difference-in-differences matching approach

proposed by Heckman et al. (1998) and discussed in, among others, Smith and Todd

(2005), which has the advantage over the parametric diff-in-diff in that it does not rely

on the linear functional form assumption.

4.2 Model

We use the following model to identify the causal effect of the 2008 reform on R&D

spending:

rit = γ + δDDi + δIDiTt + x′itβx + ηi + φt + νit, (1)

where rit is the level of R&D intensity measured by the qualifying R&D spending as

a share of total turnover (beginning-of-year) for company i in year t in 2008 prices14.

Di is a dummy that takes on a value of 1 for the treated observations and 0 for
14In the denominator, the lagged turnover is used as a measure of firm size in an analogous manner

to thinking about capital stock in the literature on physical investment.
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the control observations. Tt is a dummy that takes on a value of 1 for years 2008

onwards and 0 otherwise. The coefficient δI on the interaction term DiTt captures

the differential change in R&D intensity between pre- and post-2008 periods for the

treatment group compared to the control group. The null hypothesis of no impact of

the change in the generosity of the tax credit on R&D spending in the treated group

relative to that in the control group corresponds to δI = 0. Time-invariant unobserved

firm heterogeneity in some specifications is captured by inclusion of firm-fixed effects ηi

and aggregate macroeconmic shocks that are common to all companies, including the

effect of the great recession, are controlled for in all specifications by the set of time

fixed effects φt. Other non-tax determinants of firm-level R&D spending including the

firm’s growth rate of turnover, age, and profitability (measured as the ratio of lagged

trading profits or losses to lagged turnover) are included in the x vector as additional

controls. In alternative specifications without including firm fixed effects, a full set of

sector dummies and their interactions with year dummies are also considered as control

variables. Two-digit sectors are used based on information provided in FAME.

We estimate alternative specifications based on Equation 1 with three different

control samples of Sample Large-750, SME-100 and SME-all, which were explained in

Section 3.4. In the main set of results provided in this section, time periods between the

announcement of the policy (2006) and its implementation (2008) have been removed

and robustness checks with only the period 2008 removed from the samples are provided

in the subsequent section.

As suggested in Figure 3, large companies faced a relatively flat tax component

of the user cost throughout the 2002-2009 period and in this sense represent a more

suitable control group against which we may assess the response of the treatment group

to the policy change. Despite the drop in the user cost of capital for SMEs due to the

increase in the enhanced deduction rates, this drop is much smaller than that for those

companies which switched from large status to being an SME, and the results using

the SME control groups are also discussed here. Table 4 presents the regression results

based on Sample Large-750 and the model in Equation 1, with a varying set of control

variables.
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In Table 4 Columns (1)-(4) present pooled OLS results, and Columns (5)-(9) present

estimation results with inclusion of firm fixed effects. All specifications include a set

of year fixed effects. In all columns, standard errors are clustered at the company

level. Column (1) presents the baseline specification with no additional controls. The

coefficient ‘Treatment’ represents the estimate for the δD parameter and captures the

difference in the average R&D intensity between the treated and control groups in

the pre-reform period. This coefficient is insignificantly different from zero in all the

specifications, suggesting that, on average, companies in the treated and control groups

undertook similar R&D spending relative to their turnover prior to this tax reform.

The row labeled ‘Diff-in-diff’ provides the estimates for the main coefficient of interest

which captures the differential effect of the policy reform on R&D spending in the

treated group relative to R&D spending in the control group. To assess the robustness

of the basic results to industry heterogeneity, column (2) introduces two-digit industry

fixed effects and Column (3) adds industry-time fixed effects. The basic finding of

a positive and significant policy coefficient remains unchanged. To control for the

potential confounding effect of differential firm growth on R&D spending, Column (4)

further controls for firm growth rates in real turnover. The basic results remain the

same.

Columns (5)-(9) further includes a set of firm-fixed effects to control for potential

confounding effects of unobserved firm heterogeneity on R&D investment. Inclusion of

firm-fixed effects also controls for potential estimation bias in the parameter of interest

due to firm entry and exit, although more than 80 percent of companies are observed

in all the years available in the data set. While the diff-in-diff coefficient is positive and

significant at the 10 percent significance level in all the columns, inclusion of firm-fixed

effects reduces its magnitude from 15 to 12 percentage points. Columns (6) and (7)

check the robustness of the baseline result in Column (5) by including a set of two-digit

industry fixed effects and industry-year fixed effects, respectively. Column (8) further

includes the turnover growth rate, lagged profitability ratio and the age of the company.

Finally, Column (9) controls for level differences in R&D investment between profit-

making and loss-making companies by including a time-varying ‘loss dummy’ which
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takes the value of unity in years where the company reports a trading loss and zero

when the company reports a profit15. Column (9) summarizes the estimation results

using our preferred specification, which includes firm level fixed effects and all the

control variables. The estimated effect of the policy is significant at 10 percent level

and around 12 percentage points. Considering that in the 2007-08 period, the mean

level of R&D intensity for the treated group was 13 percent, an increase of 12 percentage

points amounts roughly to a doubling of R&D intensity in the treatment group as a

result of the policy reform.

15In specifications not presented in this paper, sector-year dummies are also included and their
inclusion did not have an effect on the results reported here. OLS results reported in Columns (1)-(4)
are robust to the inclusion of the additional control variables firm age, profitability and trading loss
dummy.
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Table 4: Results with Sample Large-750

1 2 3 4 5 6 7 8 9
Diff-in-diff 0.146* 0.148* 0.154* 0.151* 0.126* 0.123* 0.124* 0.121* 0.124*

(0.088) (0.087) (0.091) (0.089) (0.070) (0.069) (0.070) (0.069) (0.069)
Treatment -0.017 -0.006 -0.009 -0.008

(0.022) (0.024) (0.025) (0.024)
Sales growth 0.088*** 0.060*** 0.059*** 0.059***

(0.030) (0.022) (0.022) (0.022)
Profitability 0.001 0.001 0.001

(0.001) (0.001) (0.001)
Age 0.006*** 0.007*** 0.007***

(0.002) (0.002) (0.002)
Loss dum. 0.044***

(0.013)
Sector FE No Yes Yes Yes No No No No No
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Sector-Year FE No No Yes Yes No No No No No
Firm FE No No No No Yes Yes Yes Yes Yes
R-sq 0.016 0.071 0.093 0.143 0.018 0.065 0.023 0.067 0.073
No of obs 2628 2628 2628 2621 2628 2621 2601 2595 2595
All standard errors are clustered at the company level.
* stands for significance at 10% level.
** stands for significance at 5% level.
*** stands for significance at 1% level.
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Table 5 and Table 6 summarize the estimation results using SMEs as the control

group. Specifically, results in Table 5 are based on the Sample SME-100 which includes

all the treated observations and the subset of SMEs in the control group with at

least 100 employees. Results in Table 6 are based on an alternative control group

of SMEs with non-missing employment values. Results in both tables are similar to

those obtained using the large control group, with the diff-in-diff coefficient around 12

percentage points and significant at the 10 percent level when firm fixed effects are

included. The inclusion of firm fixed effects appear to have a larger effect on the diff-

in-diff coefficient when using the SMEs as the control group, suggesting that it is more

important to control for the systematic differences in the relation between unobserved

firm heterogeneity and R&D intensity between the treated firms and the SME control

firms.

As suggested in Column (9) of Table 6, all the control variables including turnover

growth rate, profitability ratio, age of the firm and the dummy capturing whether the

firm has made a loss in a given period display a positive sign and are significant. Point

estimates on these control variables are similar in Table 5, but are estimated with

larger variance due to a much smaller sample size around one fifth of all SMEs with

non-missing employment values. The main difference between the results reported for

Sample SME-100 and the sample of all SME control observations is in Columns (1)-

(4) with pooled OLS, where the diff-in-diff point estimates in the latter are very close

to those that arise from within groups estimates, whereas the OLS estimates in the

SME-100 sample seem to suffer from an upward bias.
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Table 5: Results with Sample SME-100

1 2 3 4 5 6 7 8 9
Diff-in-diff 0.186** 0.180** 0.202** 0.202** 0.138** 0.134* 0.138* 0.134* 0.134*

(0.088) (0.086) (0.097) (0.096) (0.070) (0.069) (0.070) (0.070) (0.070)
Treatment 0.009 0.011 0.006 0.004

(0.023) (0.028) (0.031) (0.028)
Sales growth 0.081 0.063 0.067 0.067

(0.052) (0.041) (0.043) (0.043)
Profitability 0.003 0.009 0.009

(0.018) (0.025) (0.025)
Age 0.005*** 0.006*** 0.006***

(0.002) (0.002) (0.002)
Loss dum. -0.004

(0.020)
Sector FE No Yes Yes Yes No No No No No
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Sector-Year FE No No Yes Yes No No No No No
Firm FE No No No No Yes Yes Yes Yes Yes
R-sq 0.043 0.107 0.182 0.223 0.038 0.073 0.039 0.079 0.079
No of obs 794 794 794 792 794 792 793 791 791
All standard errors are clustered at the company level.
* stands for significance at 10% level.
** stands for significance at 5% level.
*** stands for significance at 1% level.

78



Table 6: Results with Sample SME All

1 2 3 4 5 6 7 8 9
Diff-in-diff 0.119 0.129 0.119 0.121 0.131* 0.125* 0.128* 0.123* 0.125*

(0.088) (0.087) (0.096) (0.094) (0.070) (0.069) (0.070) (0.070) (0.070)
Treatment -0.050** -0.045 -0.043 -0.038

(0.022) (0.029) (0.026) (0.026)
Sales growth 0.100*** 0.076*** 0.089*** 0.090***

(0.018) (0.015) (0.016) (0.016)
Profitability 0.006 0.009*** 0.009***

(0.004) (0.004) (0.004)
Age 0.008*** 0.010*** 0.010***

(0.002) (0.002) (0.002)
Loss dum. 0.029***

(0.007)
Sector FE No Yes Yes Yes No No No No No
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Sector-Year FE No No Yes Yes No No No No No
Firm FE No No No No Yes Yes Yes Yes Yes
R-sq 0.013 0.071 0.092 0.128 0.011 0.05 0.018 0.071 0.073
No of obs 4883 4883 4883 4864 4883 4864 4852 4834 4834
All standard errors are clustered at the company level.
* stands for significance at 10% level.
** stands for significance at 5% level.
*** stands for significance at 1% level.
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4.3 Robustness and alternative specifications

We first check the robustness of our findings to alternative cutoff point in employ-

ment size in defining the control group. Restricting the large control group to include

only the companies that have up to 650 employees, or expanding it to include those

companies that have up to 1000 employees produce results that are roughly in line with

the findings in the preceding section.

Section 4 imposes the most strict selection of observations to remove any antici-

pation effect by excluding all the periods that follow the announcement of the policy

change and the year of implementation, i.e. between 2006 and 2008. Alternatively, we

may remove observations only in 2008 during which the reform took place after the

first quarter. Table 7 presents the results from this regression with Sample Large-750,

where the point estimates for the diff-in-diff coefficient is 11 percentage points in the

preferred specification in Column (8) and is similar to the results in Section 4. However,

the diff-in-diff coefficient is estimated with lower precision as suggested by the wider

confidence intervals and hence affecting the significance of the results. The pooled OLS

point estimates reported in Column (1)-(4) are closer to the estimates which use the

within transformation.

The main reason for removing the periods after the announcement and before the

implementation of the policy is to overcome the anticipation effects that may be re-

flected in the results. Firms may react to the announcement of the policy by: (i)

postponing their R&D spending to two periods later, when the more generous credits

are introduced, (ii) starting to invest early on in preparation for a long term R&D

project, (iii) postponing merger and acquisition decisions to until after the policy, or

(iv) strategically adjusting the firm size to keep benefiting from the SME scheme both

before and after the policy change. Here, (i) and (ii) are countervailing effects, and for

each firm the overall strategy may involve one or the other but not both. Removing

the years 2006-2008 would address the issues that may arise from back-loading the

R&D investment as in (i) above or front-loading the R&D investment as in (ii) above

because of the timing of policy announcement. If there is a strategic timing issue of

80



mergers and acquisitions as in (iii) above, then the acquired firm is not captured by

either treatment or control groups, since they will fail to satisfy the internal margin

condition of having been in the data set and performing R&D both before and after the

reform. Finally, the strategic adjustment of firm size to always benefit from the more

generous SME scheme is the downsizing effect discussed in Garicano et al. (2013). The

predictions in the paper by Garicano et al. (2013) suggest that some less productive

firms may ‘bulge’ just below the threshold for eligibility to the SME scheme, which

means that they will initially keep employment below 250 and then expand to a larger

size, perhaps not as much as 500 employees but to a larger size than 250. The number

of companies that grow just after the announcement or the implementation of the pol-

icy is fewer than the disclosure threshold, not allowing us to present an analysis of the

behavior of these companies. If these firms are indeed the less productive firms, then

the results against the SME control group may have been biased toward our finding

an effect of the policy as they would be in the SME control groups because of having

consistently been labeled SME. If the productivity differences are roughly stable across

time periods, then the firm fixed effects would be sufficient to control for them.

The effect that we find using both the large and the SME control groups is sizeable,

and we ran quantile regressions to verify that it is not driven by outliers with very high

R&D intensity. The effect of the policy reform is observed to kick in around the 75th

percentile of the distribution, and the full effect is realized around the 90th percentile,

which means that the largest performers of R&D may be the ones most highly affected

by the policy reform. Median regressions do not appear to find an effect of the policy,

and future work is intended to focus on such heterogeneities among treated firms.
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Table 7: Results with Sample Large-750, including periods 2006 and 2007

1 2 3 4 5 6 7 8 9
Diff-in-diff 0.137 0.141 0.145 0.139 0.112 0.107 0.104 0.099 0.102

(0.087) (0.087) (0.090) (0.088) (0.082) (0.081) (0.078) (0.076) (0.076)
Treatment -0.008 0.002 0.000 0.003

(0.021) (0.023) (0.023) (0.022)
Sales growth 0.082*** 0.056*** 0.056*** 0.056***

(0.023) (0.017) (0.017) (0.017)
Profitability 0.001 0.001 0.001

(0.001) (0.001) (0.001)
Age 0.006*** 0.007*** 0.007***

(0.002) (0.002) (0.002)
Loss dum. 0.039***

(0.011)
Sector FR No Yes Yes Yes No No No No No
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Sector-Year FE No No Yes Yes No No No No No
Firm FE No No No No Yes Yes Yes Yes Yes
R-squared 0.013 0.079 0.1 0.148 0.015 0.061 0.017 0.061 0.067
No of obs 3720 3720 3720 3710 3720 3710 3676 3667 3667
All standard errors are clustered at the company level.
* stands for significance at 10% level.
** stands for significance at 5% level.
*** stands for significance at 1% level.

82



Goolsbee (1998) argues that R&D policy is only effective to the extent that there

is a large supply of scientists and researchers to increase the R&D stock of companies.

Due to the inelastic supply of this high-quality work force, he supports that policies

such as the R&D tax credit only work to increase the wages and salaries of R&D

employees and do not generate additional real R&D activity. If this observation is

correct, then we should observe a positive and significant effect of the reform on the

average wages and salaries of treated observations. To test this statement, we estimate

the following model:

wit = γ + δDDi + δIDiTt + x′itβx + ηi + φt + νit

where wit is the total wage and salary relative to the beginning-of-year total sales

in company i in year t, and all other variables are as previously defined. Assuming

that variation in the total wage bill reflects variation in the wage and salaries of R&D

employees, a positive estimate of δI would suggest an increase in the R&D-related wage

bill due to the policy reform. When including a full set of firm and year fixed effects

and additional controls, the point estimate of the diff-in-diff coefficient is negative and

statistically insignificant. Assuming that there is no substitution between the R&D

labor and non R&D labor input, the result suggests that at least in the short run, the

null hypothesis of no effect of the policy on the share of labor costs in output against

the alternative of a positive effect cannot be rejected, not providing supportive evidence

for the Goolsbee (1998) critique.

5 Discussion

We find that the expansion of the SME tax relief for R&D to companies with

between 250-500 employees led to an increase in their R&D intensity by around 12

percentage points, and the effect of the tax incentive is robust to use of different

samples as well as alternative specifications. This is a sizable effect, which roughly

corresponds to a doubling of the R&D intensity of the treated firms, given that the
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average pre-reform R&D intensity in the treated group was around 13 percent.

The size of the treatment group is very small, mainly due to the missing SME

or large company indicator variable in CT600 despite the report of positive enhanced

R&D expenditure. Considering the legislation and administration costs involved in

the policy change, it is difficult for us to imagine that the UK Government specifically

targeted such a small set of companies that we identify to be primarily affected by

the SME definition change. Therefore, more available data in the future from R&D

Compliance Units and a possible match with the BERD data set should shed more

light on the number of companies that benefited from this reform.

The timing of this policy reform coincides with the beginning of the recession and it

is possible that the treatment and control firms may have been impacted differentially

by the liquidity constraints that arose around this period, which may be reflected in

the diff-in-diff coefficient estimates. In particular, we may expect smaller companies

to be hit more severely by a credit crunch relative to larger companies. If this is the

case, we would observe a larger tax effect using the SME control groups but not using

the large control group. This could potentially explain the slightly larger diff-in-diff

point estimates found with the SME-100 control group, but is not consistent with the

absence of an upward bias in the coefficient estimate of the tax effect when using SME

observations with non-missing employment values.

Wilson (2009) argues that R&D tax credits merely result in a zero sum game where

firms shift their R&D activity from higher to lower tax jurisdictions (states) where

R&D tax incentives are more generous. The effect found in this paper relies on a quasi-

experimental set up and does not make any claims about the route through which we

observe higher R&D intensity. There are at least two possible such routes. The first is

the cost of capital route, where the reduction in the cost of R&D capital thanks to the

more generous tax incentives results in higher R&D investment by the treated firms.

Alternatively, the identified tax effect on R&D intensity may be caused by the change

in the average tax rate influencing multinationals’ location decisions for their R&D

activity (Devereux and Griffith (2003)). The methodology used in this paper does

not allow us to separately identify such effects. A report by PriceWaterhouseCoopers
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(2011) comments, based on a survey, that the R&D tax incentives will have a much

larger impact on the companies’ ‘location decisions’ after the implementation of the

above-the-line credit, suggesting that the main impact envisaged for the tax incentives

comes from a shifting of R&D activity from other countries to the UK.

The current analysis captures the impact of the reform on the intensive margin

of R&D investment decision. Using the CT600 data set, the extensive margin effects

have also been studied using various cross section and panel binary dependent variable

models. Since the companies of interest for the extensive margin are those that did not

claim any tax relief for R&D in the pre-reform period, we do not have information on

their SME or large status for the purpose of the tax relief. An approximation can be

made based on the employment, turnover and asset size of these companies, using the

alternative SME definition described in Appendix B. Summarizing our findings on the

extensive margin, we do not find that the 2008 SME definition change has a significant

effect on firms’ decision to invest in R&D. The period of the gravest economic crisis

since the Great Depression may not have been an ideal time to start investing in

R&D for the medium sized companies that have been studied in this paper and the

reduction in tax price may not have been a strong enough incentive to bear the initial

fixed costs of starting to engage in R&D. Separately from the timing of this reform

and the recession, the extensive margin question in R&D involves a deeper discussion

about risk and uncertainty, the discreteness of R&D project opportunities and issues

on the financing of R&D projects that diverges from the main focus of interest for this

study.

6 Conclusion

The 2006 Budget report of the UK Government emphasizes the importance of

medium sized companies in boosting the overall innovation performance of the UK

private sector16. Guided by this observation, the Government obtained state aid clear-
16Government documents refer to a report by Cereda et al. (2005), which presents evidence for the

strong performance of medium sized companies in research and development intensity based on data
from the Community Innovation Surveys.
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ance to expand the more generous R&D tax relief for SMEs to additionally encompass

companies that have between 250 and 500 employees, doubling the thresholds required

for eligibility to the SME scheme in 2008. This reform reduced the user cost of R&D

capital for the relevant medium sized companies by up to 29 percent. The precise mag-

nitude of the reduction in the user cost depended on the tax positions of individual

companies and varied amongst the firms that were eligible for the definition change.

This study used the universe of companies that claimed R&D tax relief in the

HMRC Corporation Tax returns panel data set to explore the effects of this policy

reform. The use of administrative data has many advantages over survey data for

this purpose: first and foremost, we were able to identify the companies that claimed

R&D tax relief, and to use the indicator variable to identify which type of relief has

been claimed. We were also able to construct a treatment group composed of those

companies that have been performing qualifying R&D spending both before and after

the policy change. A difference-in-differences set up with company fixed effects has

been possible. Having said that, there are two main drawbacks of the data. First,

we were unable to observe any R&D that did not qualify for the R&D tax relief and

therefore cannot analyze the complementarities between qualifying and non-qualifying

R&D. By the same token, we were unable to observe R&D spending by the firms that

did not file a claim for their R&D. The second drawback is the missing SME or large

company indicators despite the report of positive enhanced R&D deductions.

This study identified the treatment group as those firms which were previously

benefiting from the R&D tax relief for large companies and which became eligible for

the more generous SME scheme in 2008. Benchmarked against a comparable SME

control group which was already eligible for more generous benefits and a large control

group whose cost of R&D capital remained roughly stable across time, this study found

that the treated firms increased their R&D intensity by about 12 percentage points,

corresponding to a doubling of this metric. This result has been found to be robust

to the choice of a larger or a smaller set of control observations and the inclusion of

control variables such as the growth rate of the firm.
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A Cash credits for SMEs

From its inception, the SME scheme has featured a cash component for companies

which do not have taxable profits and hence cannot benefit from the enhanced deduc-

tion in the year in which the R&D expenditure has been made. HMRC provides a cash

refund up to 24 percent of the amount of the total R&D spending of the firm in cash,

which is an amount capped by the PAYE or NIC liabilities of the company. If the

company is not cash constrained, it has an incentive to carry forward its losses and use

the full deduction amount in a future period when it becomes profitable, however, a

company with liquidity constraints would choose the cash option which can be claimed

immediately. The calculation of the cash amount changed over time, which is depicted

in Figure 9, but the total amount of cash available to a company was kept at around

24-25 percent of total R&D spending across periods of different enhanced deduction

rates.

Figure 9: Cash Credit Rates for Loss-making R&D Performers
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B An alternative indicator to identify SMEs

The R&D tax relief requires that the companies satisfy an employment threshold

as the binding constraint and a turnover or an asset threshold as the secondary con-

straints. In order to be eligible for the SME scheme, the company also has to satisfy

the ownership limitations that have been discussed in Chapter 1 of this thesis. In the

version of FAME that has been linked to the CT600 data set, ownership information

is not available, but the other three criteria have been considered to construct an al-

ternative measure to identify whether the company is an SME or a large company for

R&D tax relief purposes. Many observations in FAME have missing values for either

the number of employees, asset size, or both. Since the turnover information is sourced

by CT600, this variable is non-missing for most of the observations in the merged R&D

data set. If number of employees, turnover and asset size are available for an observa-

tion, then all three of these have been used in the construction of the alternative SME

flag to Box 99. Otherwise, the available information has been used and compared with

the appropriate thresholds displayed in Figure 2.

Finally, the criteria for eligibility to the SME scheme is backward-looking, in the

sense that a company that qualifies for the SME relief in year t which then exceeds

the threshold in year t + 1, but goes back to satisfying the SME criteria in year t + 2

maintains its SME status in all these three periods. Similarly, if a large company

transitions to SME status in one year, but goes back in the following year is not

eligible for the SME relief in any of these years. In the alternative SME flag which

uses FAME data to label observations that have a positive report of enhanced R&D

deduction but missing Box 99 and 100, statutory eligibility criteria and this transition

period rule have been used.

Table 8 shows the overlap between the Box 99/100 definition of SMEs that is sourced

by the CT600 and the alternative SME flag that is sourced by the FAME accounting

data alone.

Out of all the companies that are labeled ‘large’ in the CT600 form, with a check

in Box 100, only 43 percent of them are correctly labeled by the alternative measure
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Table 8: Overlap between the CT600 SME indicator and the ‘alternative’ flag

CT600
Alternative Box 100=1 Box 99=1
Large 43% 3%
SME 57% 97%
Total 100% 100%

as ‘large’ and the rest is mistakenly labeled as ‘SME’. This may largely be caused by

companies that are owned by larger groups and the current version of FAME does not

allow for the identification of such companies. Out of the companies that have the

SME indicator (Box 99), there is a 97 percent match with the alternative SME flag

which is much higher than the success rate in matching the large company flag. Given

the information in the current versions of CT600 and FAME, the best that can be done

is to first use the alternative flag and then to correct the ones for which either Box 99

or Box 100 information has been provided.

Revising the SME definition as explained in this section increases the number of

companies labeled as ‘treatment’ to more than 130 per year, which is a more realistic

estimate of the companies that benefit from the policy change. On the other hand, the

companies identified as ‘treatment’ using this alternative measure are not necessarily

also labeled as ‘treatment’ by the standard measure used in this paper which is only

based on the CT600 returns. For example, if a company is identified as large in 2006-07

and SME in 2009-10 by the alternative measure, then it is placed in the alternative

treatment group, and if this company is not labeled by the CT600 measure in 2006-

07, but labeled as SME in 2005-06 and also as SME in 2009-10, it is placed in the

SME control group if the CT600 measure has been used. Only around 20 percent of

observations in the alternative treatment group are also placed in the treatment group

when the CT600 measure has been used, creating a large discrepancy between the two

definitions of treatment given the small sample sizes.
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Chapter 3

R&D, Technology Spillovers and Productivity

Abstract

This paper presents estimates of production functions augmented with the
firms’ own and external R&D as inputs to the production process. Two main
findings emerge: (i) correcting the mismeasurement in labor and materials to
account for their R&D components separately improves the own R&D elasticity
estimates substantially, (ii) production units of groups with R&D activity benefit
from the R&D done elsewhere within the group. The long form responses in
the Business Enterprise Research and Development (BERD) Database offer a
useful source of detailed information regarding sectors of R&D activity and the
components of business R&D expenditure which has so far been underutilized in
the literature. I merge this data set with with the Annual Respondents’ Database
(ARD) of UK manufacturing enterprise groups to estimate production functions.
Measures of R&D external to the firm, for which the microfoundations have
recently been laid out by Bloom et al. (2013), have been constructed to quantify
the productivity effects of external R&D.
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1 Introduction

R&D spending by private firms can be broadly decomposed into current and capital expenditure,

where the current spending on average constitutes around 90 percent of a firm’s total R&D (subject to

sectoral differences)1. In the estimation of a gross output production function with physical capital,

labor, materials inputs and knowledge capital constructed from the R&D flow, unless a breakdown of

R&D into its labor, capital and materials components is available, the elasticity of output with respect

to knowledge capital may be underestimated due to the mismeasurement of other inputs where the

cost of R&D labor, R&D materials and R&D capital goods are counted under both the conventional

inputs and the amount of R&D (Schankerman (1981))2.

Within large enterprise groups, production units which themselves do not perform R&D benefit

from R&D done elsewhere in the group, but to a lesser extent than the units which perform R&D

and have production capability at the same time, which is an effect that is usually overlooked in the

literature. Additionally, productivity at the firm level benefits from the firm’s own R&D as well as

R&D undertaken by others that operate in similar technology fields. Defining ‘similar technology

fields’ is a research question that has been much studied in the spillovers literature, especially since

Jaffe (1986), but quantifying knowledge spillovers still poses a challenge for empirical research in this

area.

The availability of detailed R&D data enables this paper to address the measurement problems

summarized in this section, namely, the double counting of the R&D input, the effect of R&D per-

formed in some part of a large group on its production units which themselves do not perform R&D,

and the measurement of R&D external to the firm. This paper uses the UK micro level Business

Enterprise Research and Development (BERD) data set collected by the Office for National Statistics

(ONS). Differently from many of the studies which use this data set, this paper exploits the detailed

information at the product field level for the respondents to the BERD long form questionnaire with

the aim of distinguishing: (i) the separate labor (salaries and headcount) and materials components

of the R&D input, and (ii) the product field(s) in which the respondents carry out R&D activities and

the shares of such activities in total R&D of the respondents. The BERD data set is matched with

the Annual Respondents’ Database (ARD), which provides information on employment and sector of

activity at the plant level, and on capital expenditures, materials, gross output and the total wage

bill of respondents at the broader ‘reporting unit’ level3.

1The reader may refer to aggregate statistics in the OECD Structural Analysis Database for break-
downs at the country and sector level.

2In a value added production function, the same problem arises with physical capital and labor
inputs.

3These ONS surveys provide information at the local unit, reporting unit, enterprise and enterprise
group levels which were discussed in detail in Chapter 1 of this thesis and later in Section 4 of this
chapter.
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The use of detailed information on R&D activity from BERD long form recipients offers a solution

to the ‘double counting problem’ in measuring R&D in productivity studies. This paper estimates

that the elasticity of output with respect to a firm’s own R&D input is around 2-3 percent and highly

significant, while the results from models that do not account for double counting on the same sample

find estimates as low as 0.6 percent which are marginally significant at best.

Once the correction for input mismeasurement has been introduced, for units that themselves do

not perform R&D, the measure for R&D carried out in the rest of a multi-unit enterprise group is

shown to be positive and significant as a factor of production, with a magnitude for the elasticity of

output around 0.6-0.7 percent and significant at the 1 percent level.

Bloom, Schankerman and van Reenen (2013) [BSV] emphasize two main channels through which

neighboring firms in technology and product market spaces interact with each other and present a

model which predicts the implications of R&D spending by these firms. The first prediction relates

to the effect of R&D carried out by a neighboring firm in technology space, which is the positive

externality arising from the R&D spillover, adding to the knowledge capital of the firm that did

not invest in R&D. The second prediction relates to an effect that may be undesirable for the firm

that did not invest in R&D, as this effect is caused by R&D carried out by a product market rival,

and BSV predicts that such R&D may reduce the market share of neighboring non-R&D firms in

product market space. In this paper, I constructed technology spillover measures that align with

the recent BSV methodology thanks to the availability of each long form respondent’s R&D product

field information. In addition, the information on the distribution of production activity to different

product fields in ARD local unit data enabled the construction of the BSV proposed measure to

capture the effects of product market rivalry4. Using these measures, a positive effect of external

R&D up to 2 percent has been found, but the effect is not robust to weighting external R&D at the

enterprise group level or reporting unit level, or to the inclusion of reporting unit fixed effects. Further

research into refining the measures of external R&D by matching with patent data has been suggested

for future work.

The remainder of this thesis chapter is structured as follows. The next section presents the

theoretical background relevant for productivity estimation and the incorporation of a firm’s own and

external R&D to such analysis. Section 3 reviews the literature on estimating the productivity of

R&D activity, followed by some estimates previously found using UK micro data. Section 4 describes

the data sets used in this study and discusses the measures of external R&D. Section 5 presents my

estimates of output elasticities before and after including R&D as an input, and then introduces the

double counting correction and the measures of external R&D. Section 6 concludes. Appendices are

included to expand on the data cleaning procedures and provide the details on the deflators, initial

4Differently from BSV, I use the information on different fields in which the firms (enterprise
groups) invest in R&D rather than the ‘technology classes’ in patent data.
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value calculations for physical capital stock and sector groupings in the BERD data set.

2 Methodology

2.1 Theoretical framework

The estimation of a gross output production function Y = F (K,L,M, ε) relates the capital, labor

and materials inputs to output and with a Cobb-Douglas form, we obtain the following model:

Yit = AtK
βk

it L
βl

itM
βm

it eεit (1)

where Y stands for gross output, K stands for physical capital stock, L is labor input, M is interme-

diate inputs and A represents the average level of total factor productivity across all firms i and time

periods t. ε is a firm-and-time-specific shock to productivity, but it also includes all measurement

errors and any shocks that are observable to the firm and perhaps unobservable to the researcher.

Factor contributions to productivity can be measured by their elasticities, which are captured by the

β parameters.

This formulation assumes identical production technology across firms and additive separability

of production inputs in their log form. The Cobb-Douglas functional form is convenient for estimation

and allows for non-constant returns to scale, but restrictive in the way it allows for substitutability

between inputs. More general functional forms, for instance, constant elasticity of substitution (CES)

and translog can also be used and the ideas discussed here generalize to these forms. A detailed

discussion of the choice of functional forms can be found in Jorgenson (1986).

The seminal work of Griliches (1979) discusses the impossibility of measuring the contribution of

‘science’ to production, then focuses on the more concrete measure of R&D efforts, demonstrating a

channel through which these efforts accumulate to constitute the knowledge base of a firm, an industry

or other entity i which has the capability of accumulating such knowledge:

Cit = c0 [W (B)Rit]η eµt+νit (2)

W (B)Rit = w0Rit + w1Rit−1 + w2Rit−2 + · · · (3)

where W (B) is a lag polynomial and W (B)R represents the assumed linear structure with which R&D

investment R accumulates, µt is the background trend change in knowledge capital over time and νit

is the random error term. Knowledge capital becomes obsolete over time when replaced with new

inventions, and the rate at which this occurs is the ‘knowledge depreciation rate’. The accumulated

knowledge itself cannot be measured, but a portion of it, Git = W (B)Rit can be quantified and
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included in the estimation of a production function.

A key feature of knowledge accumulation that diverges from the accumulation of physical capital

is the contribution of R&D efforts that are external, but relevant to the firm due to both ‘geographical’

and ‘technological’ proximity (Jaffe (1986)). ‘Neighboring firms’ in this literature may therefore refer

to other R&D performers that are in close geographical proximity or that operate in related industries.

The term ‘related industry’ here is used in a broad sense, as knowledge or productivity in an industry

may benefit from inventions in seemingly very different industries. Such closeness will be elaborated

on later.

The formulation of Griliches (1979) considers the production function Y = F (X,C, ε) where X

represents the inputs other than R&D, and assumes that C is a separable component.

Following this tradition, adding own and external R&D to the model in Equation 1 and expressing

in natural logarithms yields (with lower case letters denoting the natural log of the variables) the

estimation equation in 4. In this expression, the measurable component of knowledge capital, that is,

Git is used. Additionally, this component is modified to incorporate R&D that is external to the firm,

but which the firm benefits through spillovers.

yit = ait + βkkit + βllit + βmmit + βog
o
it + βeg

e
it + τtεit (4)

where git is the R&D stock (in log), or knowledge capital of the firm, which has two components: the

firm’s own R&D stock (goit) and the R&D external to the firm (geit), which enters the firm’s production

function through spillovers.

The formulation proposed by Griliches (1979) also embeds quality adjustments to labor, as their

omission results in the mismeasurement of the labor input. Specifying L = QN where Q is the

quality of labor and N is the headcount measure overcomes this mismeasurement problem in the

presence of appropriate quality measures. In this study, I have been able to incorporate such quality

adjustments thanks to the availability of both R&D and non-R&D labor cost information, allowing

for the construction of relevant average wage variables and their inclusion in the production function

alongside headcount employment.

2.2 Quantifying spillover effects

Equation 4 offers a simple representation of the contribution of external R&D stock to firm i’s own

productivity. Several channels have been examined in the literature to explain such contribution, with

the main ones being technological and geographic proximity of firm i to innovative firms. Jaffe (1986)

and Bloom et al. (2013) [BSV], among others, have discussed both the positive and the negative effects

of proximity in R&D intensive industries, where the positive technological spillovers are challenged by
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countervailing competition effects. A firm benefits from the research activities of neighboring firms

in technology space, but there is also the risk that neighboring firms in product space may ‘steal’

each others’ customers through product and process innovations, leaving the net effect of proximity

to depend on the nature of competition within industries.

One way of defining the total spillover pool of a firm is to consider a weighted sum of all R&D

external to the firm. The weights can be determined in the traditional way5, using the distribution

of R&D activity across different technology classes within a firm. A more elaborate weighting of a

firm’s external R&D could use the firm’s closeness in technology space to each of the other firms.

In Jaffe (1986), each firm is assumed to carry out research activities in a number of fields. Using

technology classes of each firm’s patents as a proxy to identify their ‘location’ in technology space, the

knowledge production process can be formalized as a function of current R&D spending, the spillover

variable, its interaction with R&D spending and technology shocks specific to each ‘technology cluster’.

Microfoundations of the Jaffe (1986) measure are provided in BSV, which attributes the weights of

neighboring firms’ R&D to a ‘probability of encounter’ between the scientists of pairs of firms and calls

this weighted spillover measure the ‘exposure measure of proximity’. In the empirical application of

BSV, the stock of scientists is replaced by the R&D stock measure. BSV also introduces a Mahalanobis

extension to the Jaffe (1986) measure which takes into account the distance of technology fields from

each other and allows spillovers to occur across fields that are close each other. This measure assigns

probabilities for knowledge spillovers among field pairs.

The theoretical model of spillover effects presented in BSV is based on a two stage game where

firms first interact in technology space and then in product space. In the first stage, firms decide on

their level of R&D, and R&D by neighboring firms in technology space is beneficial for the knowledge

base of each other. In the second stage, innovations may have a direct effect on profits or an indirect

effect working through prices (or quantities if the firms compete in quantities). BSV estimates four

equations in line with this set up, where these interactions determine: (i) market value, (ii) patents,

(iii) productivity, and (iv) R&D intensity. For the purpose of this paper, the relevant predictions

relate to the productivity equation in BSV. BSV quantifies the interactions in technology and product

space using the Jaffe (1986) measure and their Mahalanobis extension.

The Jaffe (1986) technological distance measure considers the ‘technology profile’ of each firm that

is constructed using a vector which has as its elements the shares of the firm’s patents in technology

classes. If patent information is not available, the same idea can be applied to the shares of R&D

spending in different product fields, technology classes or the relevant sector classification that is

available in the data. In this study, the data allows for the location vectors to be defined in terms of

the shares of R&D spending in different product fields. The location vector for each firm can then

5Use of industry totals to measure intra-industry spillovers can be found in, among others, Bernstein
and Nadiri (1989).
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be defined as Xi = (X1i, X2i, ..., Xpi, ..., XPi), with Xpi denoting the share of firm i’s total R&D

undertaken in product field p in an economy which features a total of P product fields6. Weights can

be constructed using the uncentered correlation between the locations of pairs of firms ij:

Wij =
XiX

′

j

(XiX
′
i)1/2(XjX

′
j)1/2 (5)

which is a scalar. Then the level of R&D external to the firm can be calculated as: Ge =
∑
i6=jWijG

o
j .

BSV develops the Jaffe (1986) measure to allow for closeness between product fields or technology

classes to also generate spillover effects. Such proximity is identified using the R&D profiles of the firms

themselves; if the R&D profiles of multiple firms feature similar sets of product fields or technology

classes, the Mahalanobis distance metric treats these categories as ‘close’. In this paper, I focus on the

Jaffe (1986) measure of closeness in the empirical section, along with broader sector aggregates. In

preliminary investigations with the data not presented in this paper, I explored alternative measures

including the Mahalanobis extension of BSV, which did not produce very different results than those

using the Jaffe (1986) measure.

BSV lists a set of desirable properties for spillover measures which can be summarized as: (i)

being microfounded, (ii) being scale invariant, (iii) accounting for overlaps within technology classes

or product fields, (iv) accounting for closeness of technology classes or product fields to each other,

(v) firm i’s external R&D being invariant to the changes in other firms’ R&D profiles if they do not

have any technology class or product field overlap, (vi) being robust to aggregation of technology

classes or product fields. BSV offers some economic microfoundation for the Jaffe (1986) and BSV

Mahalanobis measures, however, the Jaffe (1986) measure fails to satisfy (iv) and (v) above, whereas

the BSV Mahalanobis extension to this measure does satisfy (iv), despite failing on (v), and both

these measures are superior to crude sector totals of R&D, which, as a spillover measure fails all of

the properties listed above.

This paper focuses on Equations 1 and 4, which have become standard ways of representing the

production technology for estimation in this literature. These benchmark equations will first consider

the effect of own R&D on firm-level productivity, then move on to discuss the effects of total R&D

performed by the private sector in a product field, and then external R&D performed by firms with

similar technological profiles using the Jaffe (1986) and the BSV methodologies.

An earlier study by Adams and Jaffe (1996) calculates TFP using the index number approach, by

substituting the shares of input costs in total output for the firm-specific output elasticities βki, βli
6The BERD questionnaire distinguishes between 33 broad product fields (listed in Appendix B),

which are close to two-digit SIC sectors. Among the 33 product fields, some high tech sectors are
represented at the three digit detail (for example, Pharmaceuticals), in which case the two-digit
sector excludes the particular three digit sector which has a separate product field (for example,
Chemicals excludes Pharmaceuticals). Some lower tech sectors such as Agriculture, Hunting, Forestry
and Fishing are bundled together.
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and βmi:

tfpit = yit − (βkikit + βlilit + βmimit) (6)

The calculated TFP measure is then used to estimate the effect of the firm’s knowledge on productivity,

where the knowledge measure has the following form:

Git =
[

(Rcit + δRdit)βf

(ncit)γc(ndit)γd

] [
Sβs

it

Nγs

it

]
(7)

where distance is considered as a binary variable differentiating between ‘close’ and ‘distant’ R&D

locations in technology and geographic space separately7. Intuitively, the sub-/super-scripts c and d

denote ‘close’ and ‘distant’. For instance, Rcit denotes R&D undertaken by the parent firm of plant

i in a location that is close to the production facility. Here, a steady state assumption allows for

the proportionality between knowledge stocks and knowledge flows, therefore the terms R are flow

variables8. n captures the number of plants belonging to the same enterprise group, whereas S denotes

R&D (flow) carried out in labs that are not owned by i’s parent firm (weighted using the Jaffe (1986)

methodology), and N denotes the total number of plants in the sector to which firm i belongs. The

‘number of plants’ adjustment brought about by the inclusion of the n variables aims to reflect the

possibility that costs of knowledge transfer may increase with a larger number of separate locations

for a given firm. TFP is regressed on the natural logs of the components of this knowledge measure

and some other control variables to estimate the effects on productivity. I have explored specifications

in line with the ideas presented in Adams and Jaffe (1996), but the number of plants in close and

distant locations did not appear to make a difference regarding the elasticity of output with respect

to own or external R&D. These results are not included in this thesis.

2.3 Estimation of production functions with R&D as an input

Griliches (1979) discusses the estimation of an R&D-augmented production function assuming a

Cobb-Douglas form as in Equation 4, with the inclusion of a knowledge capital term Gβo

it . In addition

to the well-known simultaneity (Marschak and Andrews (1944)) and selection problems that concern

the estimation of production functions at large, there are some additional measurement and estimation

issues that arise in the R&D context. Hall et al. (2009) group these challenges into three categories:

(i) measurement of productivity, (ii) measurement of knowledge capital, and (iii) econometric issues.

This section considers each of these in turn, followed by a discussion of some estimates found in the

7The Jaffe (1986) and BSV distance metrics can be adapted to the geographic context to measure
geographic spillovers.

8This steady state assumption is discussed in Section 4 below.
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existing literature in Section 3.

The use of deflators in the measurement of inputs and outputs should ideally take into account

the quality upgrades that come along with product and process innovations. Because it takes time

for price indices to incorporate a new invention in the basket, generally the indices do not fully reflect

the necessary quality adjustment especially required in R&D-intensive products. This issue has been

pointed out in the earlier work by Griliches (1979), and with panel data, a proposed practical solution

is to include a set of time dummies for each sector to capture such quality trends, which resolves the

issue unless there are high intra-industry quality changes (Hall et al. (2009)).

The measurement of output presents a challenge which is difficult to address in the absence of firm-

specific prices, although the availability of industry-specific price information offers a partial remedy,

to the extent that price differentials are not dramatic within industries (or time-invariant if the panel

dimension is used). The difficulty may arise from the lack of knowledge on firm-specific prices and/or

output mix. Klette and Griliches (1996) show, in a panel setting using the Cobb-Douglas production

function, that the use of a sales measure deflated using a common price index for all the firms and

industries instead of a real output measure as the dependent variable can cause a downward bias (and

inconsistency) in the estimates for input elasticities. They quantify the size of this bias and show that

the magnitude of the bias depends on the partial correlations between the inputs and the common

price index used to deflate sales. Two channels are suggested to be responsible for the downward

bias: first, higher costs due to quality adjustments in inputs lead to higher prices and lower market

shares. Second, firm-specific positive productivity shocks cause more productive firms to lower prices

and gain market share, employing a larger quantity of inputs (where demand is elastic). In this study,

I use the narrowest possible industry classification for price deflators that can be obtained from the

Producer Price Series from the Office for National Statistics, include time dummies and experiment

with including controls for the growth in industry output, but as mentioned, these only offer partial

remedies to the problem.

Knowledge capital is a notional stock measure of the research base of a firm (Griliches (1979)).

According to the perpetual inventory method, the law of motion for knowledge capital follows a special

case of Equation 2:

Gt = Rt−1 + (1− δ)Gt−1 (8)

where R&D flow Rt−1 contributes to the stock of knowledge capital in the following period t, which

depreciates at the constant geometric rate δ. Given this timing assumption, the stock of knowledge

capital is the sum of previous period stock (net of depreciation) and the R&D investment carried

out in the previous period. Alternatively, it may be assumed that the R&D investment in period t

contributes to the knowledge capital stock in period t, analogously to the accumulation of physical
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capital. Some alternative specifications for the evolution of the knowledge stock have been introduced

by, among others, Doraszelski and Jaumandreu (2013) and Klette (1996).

Using a steady state assumption for the pre-sample period with a constant R&D growth rate of g

and depreciation rate δ, it can be assumed that R&D capital accumulates prior to the sample period

according to the following rule (Hall and Mairesse (1995)):

G1 = R0 + (1− δ)R−1 + (1− δ)2R−2 + ... (9)

=
∞∑
s=0

R−s+1(1− δ)s (10)

= R0

∞∑
s=0

[
1− δ
1 + g

]s
(11)

= R1

g + δ
(12)

Determining the rate of depreciation for knowledge capital and calculating the initial knowledge

stocks present separate measurement challenges. Depreciation in the R&D context can be thought of

as obsolescence, which is then dependent on the behavior of the firm’s competitors and also the R&D

efforts of the public sector. There are some studies which focused on the estimation of depreciation

rates for R&D, where estimated rates hover between 15-30 percent (See, for example, Bernstein and

Mamuneas (2006), Pakes and Schankerman (1984), Hall (2010)). Hall et al. (2009) report that the

studies which experiment with different depreciation rates usually use 15 percent and do not find

significant differences across elasticity estimates when different depreciation rates are assumed.

Among the components of knowledge stock, the only observed quantity usually is the expenditure

on R&D, possibly with a breakdown into subcomponents such as human resources, materials and

capital equipment. The accumulation of knowledge capital is therefore assumed to be based on all the

past research flows. Given that the main components of R&D spending are on labor, capital and ma-

terials; the usual measures for these inputs that do not distinguish between their R&D and production

components mismeasure the inputs that are used directly in the production process9. Schankerman

(1981) shows that unless corrected for, such mismeasurement results in downward biased TFP esti-

mates if the ‘growth accounting’ approach is used and also downward biased elasticity estimates of

output with respect to R&D10. Using lagged values for the R&D or knowledge capital inputs do not

resolve the problem. Correcting for double counting in the R&D input requires detailed data on the

9Such mismeasurement is not limited to the R&D components of the inputs. For example, personnel
eemployed in the marketing (or other non-production) division of the firm is also not part of the input
into the production process.

10Schankerman (1981)’s derivation treats the portions of inputs that are knowledge-related and
should be subtracted from traditional inputs as omitted variables. Therefore, assumptions about the
timing of the R&D or knowledge input does not affect the overall conclusion drawn from his analysis as
long as these knowledge-related portions are correlated with the components of the R&D or knowledge
capital measure that is included in the regression and the output measure used.
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cost breakdown of R&D into labor, capital and materials components, which can then be subtracted

from the appropriately timed measures of total labor, capital and materials included in the production

function. Unfortunately, R&D data at the firm level on many occasions do not contain such detailed

information. Hall et al. (2009) review some empirical papers that provide evidence for the downward

bias due to double counting, including Hall and Mairesse (1995).

Finally, the firm-level R&D series are usually very persistent, causing most of the variation in

panel data to arise from between cross-section observations rather than from time variation within

firms. Part of the persistence may be caused by the nature of investment opportunities, where a

firm takes on an R&D project to which it commits with a certain share of resources devoted to this

activity for lengthy periods of time. Regarding the nature of research-related costs, considering that

about half of R&D spending is on skilled labor, it is also plausible that a firm cannot easily hire or

fire researchers without the emergence of a new investment opportunity. The dominance of between-

groups over within-groups variation has been observed frequently in the literature. Studies often find

positive and significant OLS estimates of R&D elasticity while the significance perishes and the point

estimates collapse to zero when a panel transformation such as within groups or first differencing is

used to remove time-invariant component of the error terms (See, for instance, Hall and Mairesse

(1995)).

The extent to which the measurement issues can be addressed in production function or TFP

estimates depends on the availability of rich data on the various components of R&D. Some examples

of the estimates for the productivity of R&D in the international literature are outlined in Section 3.1,

with a summary of how they address the measurement issues and econometric challenges. Estimates

reported in studies which use UK data are discussed in Section 3.2.

3 Review of previous empirical work

There is a vast number of studies which estimate R&D elasticities of output or private returns

to R&D, conducted using micro data internationally. Two major types of data sources are used: (i)

consolidated or unconsolidated company accounts, and (ii) official statistical agency surveys, where

the unit of observation may be more disaggregated. Company accounts data are primarily collected

to report financial information about firms, whereas survey or census data from official government

sources has the advantage of focusing on production inputs and outputs, which is what the researchers

in this field try to measure. Official statistics also usually have wider coverage of smaller firms.

The literature has long searched for appropriate measures to quantify knowledge flows between

firms (as well as other creators and users of knowledge such as public and private research institutions).

R&D surveys similar to the UK BERD, data on patents and patent citations, and innovation surveys

such as the Community Innovation Surveys (CIS) have provided researchers with information that
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can be used to proxy the interactions between innovative firms. Knowledge spillovers may take place

between different actors involved in the regional innovation systems, such as universities, research and

development institutes, and users of innovation in addition to private sector firms. The discussion in

this paper is largely limited to the interactions between businesses, but a few papers which explore

other connections are also mentioned where relevant.

Perhaps the most commonly used measure of technological proximity has been patent citations

and references to the cited innovator’s sector and geographic information (Crespi et al. (2008)), with

the caveat being that a lot of knowledge derived from innovative activity which is transmitted across

firms is not based on patentable inventions. For this reason, measures based on R&D inputs or

measures of innovative outputs have also been used to trace spillover effects across firms.

In the remainder of this section, first, I briefly provide examples of international studies, with the

aim of highlighting the different data sources used and the elasticity estimates found in the literature.

A comprehensive review of this literature can be found in Hall et al. (2009)11. I first outline examples

of studies which use data from outside the UK and estimate elasticities of output with respect to the

firms’ own R&D, before presenting a few studies which incorporate spillover effects. I then move on to

discuss examples from the studies that use UK data, including the BERD and ARD databases used

in this study.

3.1 Studies on R&D and productivity outside the UK

In the US, the main official micro data set which is made available by the US Census Bureau

and frequently used in the literature is the Longitudinal Research Database (LRD), which links real

economy variables from the Economic Census or the Annual Survey of Manufacturers (ASM) with

the National Science Foundation (NSF) R&D data12. The unit of observation in this data set is the

company, and the micro data is aggregated to produce the national R&D statistics which are published

annually. Official survey or census data have several advantages over the company accounts data sets,

which are usually available only for large companies and published for other purposes than providing

information on R&D. A publicly available accounting database on consolidated global accounts of US

companies is Compustat, which is provided by Standard and Poor’s. In Continental Europe, as in the

UK, equivalent data sets to the UK’s BERD or the US’s LRD are collected by the national statistics

offices for use in generating aggregate statistics on R&D. Production surveys or censuses similar to

ARD and ASM are also available. There are several sources of company accounts data, including

11With regard to the production function estimation literature more generally, an in-depth review
of the methodologies would require a discussion on the transmission bias and selection issues and the
techniques developed to address these problems (such as Blundell and Bond (1998), Ackerberg et al.
(2006)).

12Until 2007, the Industrial Research and Development Information System and from 2008 onwards,
Business Research and Development and Innovation Survey.
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Bureau van Dijk - provider of the Amadeus Dataset on European firms and the Financial Analysis

Made Easy (FAME) Dataset on UK firms, which have been heavily used in the literature.

A study which uses Computstat data for the US is by Griliches and Mairesse (1984), who examine

a balanced panel of 133 large companies over the period 1966-1977 using pooled OLS and within

groups (WG) estimators. With deflated sales as their dependent variable, OLS results indicate that

the elasticity of output with respect to knowledge capital is about 6 percent. A sharp decline in

this elasticity estimate is observed when WG results are taken into consideration; the point estimate

of the elasticity becomes insignificant at conventional levels of significance. The authors attribute

this decline to the reduction in variation as the between-group variation is removed from the data.

They also discuss the possibility of collinearity between R&D capital and physical capital when the

firm-specific effects are eliminated.

In their study of 197 French manufacturing firms, Hall and Mairesse (1995) estimate, by OLS, WG,

first difference transformation (FD) and long-differencing13 (LD), a similar form of R&D-augmented

production function. Deflated value added is used as the measure of output and estimates for the

elasticity of output with respect to R&D are found to vary between 5 and 25 percent. They use

book value proxies to measure the physical capital input. For the knowledge capital, they employ a

perpetual inventory method, assuming a depreciation rate of 15 percent, and pre-sample real R&D

growth rate of 5 percent.

Jaumandreu and Mairesse (2010) simultaneously estimate the production function alongside the

demand equation for the firm’s output. Estimation of their model requires firm-level data on input

and output prices and the nature and timing of innovations, which is more detailed than can usually

be accessed, and much more detailed than the data set that is used in this project. The ideas in

Jaumandreu and Mairesse (2010) originate from Griliches (1979) and Griliches and Mairesse (1984),

who argued that the production function estimation is never complete without a system of equations

determining both the demand and the supply sides. Key in this framework is to find an adequate

number of exogenous variables as determinants of the endogenous variables. As discussed earlier in

this section, inputs to production can be endogenously determined. Under imperfect competition

in output markets, output price will also be endogenous. Exploiting duality theory, Jaumandreu

and Mairesse form a system of equations using: (i) cost function, (ii) input demand functions, (iii)

output demand, and (iv) pricing rule. They empirically test this model using an unbalanced panel of

about 1,000 Spanish manufacturing companies over 10 years. Findings on the effect of innovation in

the process indicate that product innovations boost output demand and process innovations reduce

marginal costs. This model also has the advantage that it is able to yield welfare implications; the

authors report gains in welfare of up to 4 percentage points in the sum of consumer surplus and profits

as a result of product innovations (See also the seminal papers by Doraszelski and Jaumandreu (2013)

13The difference between the last and the first observations.

104



and Crepon et al. (1998) for other commonly used estimation methods).

Theoretical insights from Adams and Jaffe (1996) and Bloom et al. (2013) were introduced in

Section 2. Here, the empirical findings in these papers are presented briefly as examples for the types

of spillovers considered in the literature. Both studies use firm-level panel data from the US.

Adams and Jaffe (1996) focus on the chemicals sector in the Longitudinal Research Data (LRD),

where the unit of observation is closer to the ‘reporting unit’ level that is the basis of ARD and BERD

surveys in the UK, but it may cover a larger unit than the reporting unit in the case of groups of

firms. Using the Annual Survey of Manufacturers, Adams and Jaffe (1996) are able to observe plant

level information on production-related variables, but not on R&D. They present both plant-level

and firm-level results, where plant-level regressions use total R&D at the company level. Adams

and Jaffe (1996) consider both stock and flow measures of R&D and for external R&D, and use the

weighted R&D of neighboring firms in: (i) technology space with the distance weights obtained from

the distribution of the firms’ R&D spending across the three digit product fields within chemicals

and (ii) geographical proximity, which is captured by a binary dummy variable that takes a value

of unity if the R&D lab is not further away than 100 miles from the production plant. Their first

important finding is that the coefficient on the firm’s own R&D is insignificant unless the number

of plants attached to the firm is controlled for. As number of plants attached to the firm increases,

the productivity of the firm’s R&D, aggregated across all observed plants in the US, is reduced. The

authors do not discuss whether these are firms with only domestic operations, as potentially the

estimates may overlook the production activity that takes place in foreign subsidiaries, which may

also be benefiting from the R&D done in the US. Second, after controlling for the number of plants,

they estimate that the elasticity of output with respect to the firm’s own R&D is about 5 percent,

and to external R&D is about 7 percent. The productivity of own R&D is found to be ‘diluted’ as the

plants are located further away from the R&D lab. The results hold in the cross-section dimension,

but not when the data are transformed to eliminate firm-specific fixed effects.

There is stronger evidence for spillovers in technology space rather than geographic space in the

literature. BSV proposes a way to disentangle the product market competition effects from positive

technological spillovers (as outlined in Section 2), which may be argued to help in separately identifying

these two countervailing forces. BSV uses Compustat and US Patent and Trademark Office data sets,

and estimate the R&D, productivity and market value equations using within groups estimation.

Thanks to the long time series dimension of their data, within groups proves to be a viable estimator,

nevertheless, they have a valid and informative instrument available which is used in robustness checks.

The use of instrumental variables estimation (changes in the Federal and State Tax Incentives for

R&D to instrument for R&D spillovers) produces point estimates that are larger in magnitude when

estimating the effect of technology spillovers on all their outcome measures, namely, R&D intensity,

productivity, patenting and market value. Product market rivals’ R&D has an insignificant effect on
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productivity, R&D and patenting, but a negative effect on market value.

3.2 Studies on R&D and productivity that use UK data

In this section, I refer to studies which estimate the R&D elasticity or the rate of return to private

R&D using micro level data on UK firms. To my knowledge, none of the studies on the UK have

so far used input measures that are corrected for double counting, which is only possible using the

information from long form recipients in the BERD data set. I first provide examples which focus

only on the elasticity of output with respect to the firm’s own R&D, and then discuss a paper which

considers spillover effects (Sena and Higon (2012)).

Rogers (2010) emphasizes the scarcity of firm-level productivity studies on UK firms, especially

in comparison to those undertaken for the US. Recently, a larger number of researchers have been

able to access the Office for National Statistics micro level data, which resulted in an increase in the

number of studies on R&D and productivity in the UK. I review some of these, after discussing some

papers which use other data sources.

As an example of a study that uses company accounts data14, Rogers (2010) estimates returns to

R&D in the UK over the period 1989-2000. The estimation equation is derived from a Cobb-Douglas

production function with capital, headcount labor and R&D flow as inputs. All variables are measured

in their period t values. As common in the literature, the paper uses a rearrangement of terms in

the production function to then estimate returns to R&D, with the equation in first differences of

the output measure and all other inputs than R&D, except the R&D intensity (R&D as a share

of output), which enters the equation in levels. The estimation methods are OLS and 2SLS (lagged

levels as instruments) in the cross-section and first differencing transformation in the panel dimension.

Using a measure of value added as the dependent variable, the paper finds elasticities of output with

respect to R&D in the range of 12-16 percent for the manufacturing sector.

In a comparative study of manufacturing firms in the UK and Germany, Bond et al. (2003)

use system GMM to estimate a dynamic model of R&D-augmented production functions for both

countries. They use nominal sales (measured in year t) as the output measure and R&D expenditures

(also measured in year t) as the R&D input. In the dynamic specification, a lagged dependent variable

and first lags of all inputs are included as explanatory variables. The data used in this study for the UK

are from Datastream International, covering worldwide consolidated accounts of listed companies on

the London Stock Exchange for the period 1987-1996. For the British companies, they find statistically

significant elasticity estimates with respect to R&D input of about 6.5 percent.

For the R&D input, Bond et al. (2003) consider both the flow of R&D expenditures and the

14‘Company Analysis’ data provides balance sheet and income statement information sourced by
Thomson PLC and Extel Financial. R&D is available for the largest firms only, which are required to
report R&D spending in their financial statements.
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knowledge stock. They calculate the stock variable by applying a perpetual inventory method with a

depreciation rate of 15 percent. The construction of initial values for this variable assumes that the

R&D stock in steady state is proportional to the flow of R&D (Griliches (1979)). The construction

of physical capital involves the application of the perpetual inventory method on the investment flow

using a depreciation rate of 8 percent, with initial values based on historical cost accounting measures.

Regarding the assumed depreciation rate for R&D capital, Hall and Mairesse (1995) demonstrate that

the assumption over this value does not affect the elasticity estimates considerably.

An early example of the studies that use ONS micro data sets in the R&D and productivity context

is by Rogers (2006), who estimates elasticities of output with respect to R&D for both manufacturing

and non-manufacturing firms for the period 1996-2003. At this point, it is informative to introduce

the unit of observation in the ONS micro level data sets. Both BERD and ARD data sets are collected

at the ‘reporting unit’ level, which may cover more than a single ‘local unit’, which is a plant. Plant

level data from ONS and administrative sources is available through the Inter-Departmental Business

Register (IDBR) and can be matched with the ARD. IDBR provides basic enterprise level information

on plant location at the post code detail, sector of activity, number of employees, legal status and

ownership linkages. Further information on these data sets is provided in Section 4.

Rogers (2006) combines information from the BERD data set with the Annual Respondents

Database (ARD) matched on reporting unit references, and restricts attention to those reporting

units with some positive R&D at the reporting unit level. Based on a static specification and using

OLS and first difference transformation with the unit of observation as reporting units with positive

R&D, Rogers (2006) finds elasticities of output with respect to R&D in the range of 9-12 percent

for manufacturing firms and 6-11 percent for firms in other sectors. The study does not consider

measures of R&D external to the reporting unit and emphasizes that issues about simultaneity and

the lag structure of the R&D variable have not been addressed.

There have been attempts to produce plant level estimates of productivity using the ARD data,

by apportioning reporting unit-level input and output data to individual plants using the employment

shares. An example of the available plant level studies is by Harris and Moffat (2011), where the

authors estimate production functions using System-GMM (Blundell and Bond (1998)) and interpret

the effects of R&D, presence of multiple plants per firm, foreign ownership and agglomeration forces

(closeness to other plants) on TFP. They show that performers of R&D have higher TFP than non-

performers, except in low and medium low technology manufacturing sectors. Harris and Moffat

(2011) uses a stock measure of R&D apportioned to the plants using their employment shares in each

reporting unit.

Outside the context of the productivity of R&D, there is a large number of studies that consider

the effects of foreign ownership, entry and exit, FDI flows, university-industry linkages technology

adoption and related factors on productivity and which use the ARD firm level data. For some
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examples, the reader is referred to Griffith (1999), Disney et al. (2003), Abramovsky and Simpson

(2011), Harris and Trainor (2005), Harris and Robinson (2003), Criscuolo and Martin (2009), Harris

and Li (2009).

A recent paper on the UK by Sena and Higon (2012) uses ARD data for the period 1997-2002

matched with BERD and the Labour Force Survey data to analyze the relationship between a plant’s

‘absorptive capacity’ of R&D spillovers and the relative ‘educational attainment’ of the workforce in

the region and the industry in which the plant is located. The plant-level information in this context

is equivalent to that at the reporting unit-level, as the data set used in the study only considers those

reporting units which comprise a single plant in the ARD. The BERD component of the data includes

both imputed and non-imputed values. In order to address their research question, the authors specify

a production function with capital, labor, materials and R&D stock as the independent variables and

gross output as the dependent variable, using year t values of all variables. This specification involves

a total factor productivity (TFP) term, which captures inter-industry R&D spillovers and the relative

educational attainment of the region and sector in which the plant is located. They include plant fixed

effects and an AR(1) error component. The TFP term is then specified as a function of a spillover

measure, the distance from the educational attainment frontier (the ‘gap variable’), an interaction

term between the spillover and the gap variables, all measured in year t− 1, a set of control variables

and error terms. The specification is estimated using System GMM.

Spillovers are calculated using the total R&D in a region or a two-digit industry, with output

weights from input-output data (in the spirit of Terleckyj (1980)). This spillover measure relies on

inter-industry relationships considering the input supply relationships between industries, using the

Leontieff inverses as weights. The idea of using industry weighted sums of R&D spending aligns with

one of the sector level spillover measures that I construct in this study and present in Section 4, but

the Terleckyj (1980) weights assume that the R&D spillovers occur through input supply relationships

between firms, and it becomes difficult to distinguish input supply relationships from spillover effects.

Based on the set up described here, Sena and Higon (2012) find that R&D spillovers result in higher

productivity for plants that are located in regions where the educational attainment gap (to the frontier

region with the highest measure of educational attainment) is the smallest in the plant’s main sector

of activity, demonstrated by a negative and significant coefficient on the interaction term between the

spillover and the gap variables.
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4 Data

4.1 ONS data sets

4.1.1 Annual Respondents’ Database (ARD)

ARD is a panel data set of reporting units representing both manufacturing and services sectors

of the UK economy. The underlying data sources are the Annual Census of Production (ACOP, 1970-

1997), Annual Census of Construction (ACOC, 1992-1997), Annual Business Inquiry (ABI, 1998-2008)

and the Annual Business Surveys (ABS, 2009-current). The version of ARD used in this paper covers

the manufacturing sectors’ information over the period 1998-2008, which is an internally consistent

portion of ARD in terms of sampling, variables and questionnaires used in collecting the data set. For

this version, the sampling fractions which are based on reporting unit level employment groups are as

presented in Table 1.

The main statistical unit in the ARD is the reporting unit, which may represent more than one

plant, so it is a higher level than a ‘local unit’. One level above the reporting unit is the ‘enterprise’,

which is the smallest autonomous decision-making unit, which in turn may be part of a larger ‘enter-

prise group’. If an enterprise has plants in multiple locations, these may be represented by a single

reporting unit or multiple reporting units. Multiple enterprises under common ownership are labeled

as an ‘enterprise group’, and the data set comprises both single enterprise and multi-enterprise groups.

Enterprise groups are characterized by some sort of common ownership ties, and I therefore use ‘firm’

interchangeably with ‘enterprise group’ for the remainder of this paper. In the whole manufacturing

ARD, reporting units typically have a single local unit (95 percent of observations) and the remaining

5 percent have multiple local units. The estimation samples focus on active and continuously sampled

reporting units, shifting the focus to larger reporting units, which are part of multi-enterprise groups

(around two-thirds of the groups in the samples have multiple reporting units).

Table 1: Annual Business Inquiry Sampling Fractions

Size ABI fraction
<10 employees 0.25
10-99 employees 0.5
100-249 employees 0.5
250+ employees All, long form

The sampling frames for ARD and many other ONS data sets are based on the Inter-Departmental

Business Register (IDBR), which gathers basic enterprise level information from administrative sources

HMRC (VAT traders and PAYE employers) and Companies House on employment, firm age, location

and sector information, and ownership linkages from Dunn and Bradstreet. Employment, five-digit

sector and location information is available also at the local unit (plant) level.
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The ABI form asks that the returns correspond to the period ending 31 December of the given

year (year t). In case the respondent reports data for a business year, then the ABI form instructs

that a period which ends between April 6 of year t and April 5 of year t+1 is covered. The data in the

ARD for the flow variables gross output, value added, intermediate inputs and total employment costs

refer to the same period. A discussion on the timing of capital, R&D and employment headcount is

presented later in this section.

ABI now encompasses, in addition to manufacturing, a large number of service sector enterprises,

including the ‘business services’ field, which includes many R&D labs. The estimation samples for

the production functions used in this study restricts attention to reporting units in the ARD’s ‘man-

ufacturing’ data set, that are observed at least for two consecutive periods over the period of interest

with positive values for employment and intermediate inputs. Information from BERD which is used

to calculate enterprise group level R&D and the measures of R&D external to the firm are not re-

stricted to come from these reporting units. The capital stock values are calculated using a perpetual

inventory method. Therefore, non-missing investment information in at least two consecutive periods

was required to keep the reporting unit in the data set. The number of observations dropped from

the data set at each step of this cleaning process can be found in Appendix A.1.

4.1.2 Business Enterprise Research and Development (BERD) Database

Chapter 1 of this thesis explains the BERD Database in detail, and the discussion here focuses

on the aspects of this data set that have not been covered earlier, emphasizing the issues that arise in

the match between the ARD data set and BERD long form recipients. Both ARD and BERD contain

common identifiers for the reporting units, enterprises and enterprise groups. The sampling ratios for

BERD are different from those of ARD, with a larger employment threshold for continuous sampling

of reporting units. The sampling fractions for BERD are presented in Table 2.

Table 2: Business Enterprise Research and Development Survey Sampling Fractions

Category BERD fraction
0-99 employees 0.25
100-399 employees 0.33
400+ employees All
Largest 400 spenders All, long form

The R&D information is matched with the ARD at the reporting unit and the enterprise group

levels. The BERD micro data set comprises reporting unit level information for all firms identified in

various ONS surveys and other sources as performing some R&D (R&D Scoreboard, ABI screening

questions and the Community Innovation Surveys are three of the sources used for identifying R&D

enterprises). For the unsampled or non-responding reporting units, the ONS imputes the information
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on R&D variables (such as total intramural R&D, total R&D headcount, breakdowns of current and

capital spending, ...) using the average values of these variables in per worker terms for sampled

observations within a given product group-size band cell. The main estimation samples used in this

study leaves out any group with imputed information, thereby ensuring that the enterprise group level

R&D meausures only consist of non-imputed data.

Using these data sets, the production function can be estimated at the reporting unit, enterprise

or enterprise group levels. There are also plant-level studies in the literature which use ARD data

(for examples, see Harris and Moffat (2011), Harris and Li (2009)), which is possible (although with

caveats) when the production function variables are all apportioned to plants using the employment

numbers available from the IDBR at the plant level.

Given the distinctions between singleton reporting units and reporting units that are part of larger

enterprise groups, imputed and non-imputed BERD information, and long form as opposed to short

form respondents in the BERD data set, the estimation of an R&D-augmented production function

while correcting for double-counting of inputs requires that I work with multiple sub-samples. In these

sub-samples, reporting units which have imputed R&D values have been left out in the calculation

of the firm’s own R&D spending, for the reasons explained in Chapter 1 of this thesis. All the sub-

samples constructed in this study use the continuously sampled ARD manufacturing data set after

applying several cleaning steps (See Appendix A.1).

4.2 The estimation sub-samples

Constructing the matched ARD-BERD samples begins with cleaning the ARD manufacturing data

set. A detailed description of each cleaning step can be found in Appendix A.1, but in this section,

I present a shorter table, outlining the major samples which are important for the discussion here.

Before any merges with the BERD data, all the ARD manufacturing observations with missing or

zero employment and intermediate inputs, missing capital expenditure information and negative gross

output were removed from the data set. If there are gaps between groups of consecutive observations

for a reporting unit, then the longest spell of consecutive ARD observations is kept in the data set,

while the others have been removed. The number of observations remaining in the data set after the

removal of gaps in this way can be seen in the column titled ‘continuously sampled and cleaned ARD’

in Table 3. Initial observations on each reporting unit drop because beginning-of-period capital values

are used. The final two columns in Table 3 relate to the matches with BERD. The penultimate column

drops only the reporting units which have imputed R&D, and the final column drops all reporting

untis owned by an enterprise group if any member of the group carries imputed information on R&D.

Enterprise groups which have no connection to an R&D performing reporting unit have been kept in

the data set. Appendix A.1 also provides information on how many reporting units and enterprise
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groups with some R&D are kept after the steps described in Table 3.

Table 3: Number of observations in the ARD-BERD data sets before and after cleaning

Sampled Continuously Drop Drop Drop groups
ARD sampled & inital obs imputed R&D with imputed

manufacturing cleaned ARD rep.units R&D
1997 12,080 4,711
1998 12,581 6,185 4,239 3,348 2,682
1999 12,427 6,659 4,325 3,857 3,231
2000 12,250 6,433 4,220 3,562 2,943
2001 12,868 6,539 4,133 3,631 3,043
2002 11,839 6,226 4,298 3,385 2,828
2003 11,576 5,870 4,013 3,417 2,930
2004 11,219 5,443 3,899 3,254 2,785
2005 10,661 4,761 3,361 2,632 2,265
2006 9,619 4,022 2,822 2,126 1,766
2007 7,624 3,309 2,519 1,868 1,549
2008 6,904 1,765 1,594 1,274 1,016
Total 131,648 61,923 39,423 32,354 27,038

Table 3 shows that the number of observations in the main ARD manufacturing data set has

decreased sharply over time. This is because of the recent emphasis on service sectors and the resources

within ONS being reportedly reallocated to accommodate the sampling of a larger number of service

sector firms, at the expense of the manufacturing sample sizes.

Based on the final column of Table 3, I construct three main sub-samples: (a) Sub-sample A:

the largest sub-sample, which contains all the reporting units that are members of groups that have

no R&D and the members of groups that have non-imputed short and long form R&D, (b) Sub-

sample B: the double counting correction sample, which contains all the reporting units that either

have only non-imputed long form R&D or no R&D. Short form reporting units are excluded from

this sub-sample. (c) Sub-sample C: the smallest sub-sample, which contains all the reporting units

which are members of groups that have at least one reporting unit member that is a long form BERD

respondent.

The requirements for Sub-sample C are restrictive. Long form responses are required to construct

the Jaffe (1986) technology spillover measure, as these are the only observations for which we are

able to obtain an ‘R&D profile’ using the information on fields of R&D activity within a given firm.

Attention may be limited to the enterprise group-level R&D, in which case the R&D by any short

form respondent or imputed reporting unit member of the group is ignored, considering a ‘long form

only’ measure of enterprise group level R&D that is obtained by adding up all the R&D by long form

respondent reporting units of that enterprise group. Sub-sample C additionally drops any short form

or imputed BERD reporting units. A more restrictive treatment for Sub-sample C would have been to
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rule out the whole enterprise group if it has any imputed or short form observations, but this results

in too small data sets to offer any external validity. Long form responses amount to around 85 percent

of aggregate R&D and a similar share on average at the firm level over the sample period (1997-2008),

rendering the zero R&D assumption in Sub-sample C less of a concern. Sample characteristics and

comparisons are separately discussed under descriptive statistics later in this section. The number of

observations in each of the sub-samples used in the estimations and described here are presented in

Figure 115.

Figure 1: Number of observations in the estimation sub-samples

4.3 Measures of R&D external to the firm

In the context of spillover measures, the use of imputed values may have some value in reflecting

the total technology spillovers or product market rivals’ contributions to firms’ own productivity. I

consider a set of spillover measures, allowing for different treatments of imputed, short form and long

form information on R&D.

The source of R&D product field information differs from the manufacturing product field in-

formation. The former is sourced by the BERD long form questionnaire, where each reporting unit

reports R&D in one or more product fields out of the 33 available. In principle, each long form recipi-

ent can report multiple product fields with the amounts of total R&D performed in each of the fields,

but in the micro data set very few BERD reporting units report more than a single product field.

The product fields are close to two-digit sectors, as I underlined previously in Section 2 (for a list of

15In Figure 1, it can be observed that the number of observations in Sub-sample A is slightly larger
than shown in the final column of Table 3. This is because the estimation sub-samples use the lagged
values of R&D spending. As an example case, when the R&D value for a reporting unit in 2008 is
imputed and in 2007 it is non-imputed, the use of the lagged value for R&D allows that the 2008
observation is retained in the estimation samples.

113



product fields, see Appendix B). At the enterprise group level, each firm may be represented by a

vector to summarize the R&D profile of the group, using the 33-element vector Xi, with each element

Xpi representing the share of the group’s total R&D spending in product field p. At the reporting

unit level, the R&D profile may again be represented by a similar 1× 33 vector, but because almost

all reporting units are only assigned a single R&D product field, all elements of the vector will be

zero except the field of R&D activity of the reporting unit, which will take on a value of unity (there

are a small number of exceptions to this rule, which are dealt with accordingly). The same applies

to the enterprise group level measure, except for groups which have two or more long form recipient

reporting units. In Sub-sample C, there are 1,036 enterprise groups out of which 309 are multi-unit

groups. There is no R&D product field information available for short form and imputed responses

(the product field reported in the BERD data for these observations is sourced from the IDBR and

refers to their sector of manufacturing activity rather than R&D).

The manufacturing product field information is sourced from the ARD/IDBR local unit data,

which provides employment numbers in plants and the local unit’s sectoral information at the 5-digit

SIC (1992) level. The 5-digit SICs may be grouped to resemble the 33 product fields available for

the breakdown of R&D. The equivalent 33-element vector with employment shares in each of the

33 product fields can be called the ‘production profile’ of a reporting unit or an enterprise group.

Production profiles across 33 different manufacturing product fields have been obtained separately at

the enterprise group level and the reporting unit level, since the availability of local unit information

for both sampled and unsampled ARD units allows for constructing these separate vectors. According

to the employment breakdowns, groups operating in multiple product fields are common at both the

enterprise group and the reporting unit levels. To illustrate the prevalence of multi-sector groups,

Table 4 presents the share of reporting units which belong to groups that have operations in multiple

product fields.

Table 4: Share of reporting units in groups with multiple product fields

Sub-sample Sub-sample Sub-sample
A B C

Percent 44% 42% 94%
No of obs 28,613 25,970 1,765

Table 4 uses employment shares. The equivalent table with shares of R&D product fields would be

meaningful for Sub-sample C only, where the share of reporting units that are members of multi-field

R&D enterprise groups is 62 percent.

In the empirical section (Section 5), I use four main measures that reflect R&D external to the

firm: (1) weighted sum of all product fields’ R&D with weights determined by the production profile

of the enterprise group (net of the group’s own R&D); (2) weighted sum of all product fields’ R&D
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with weights determined by the production profile of the reporting unit (net of the reporting unit’s

own R&D); (3) weighted sum of all R&D external to the firm with weights obtained using production

profiles of neighboring firms in product space as in Equation 5 (equivalent to the BSV SPILLSIC

measure); (4) weighted sum of all R&D external to the firm with weights obtained using R&D profiles

of neighboring firms in technology space (equivalent to the BSV SPILLTECH measure). The fourth

measure uses the long form responses in BERD, but the other three measures can also be constructed

using the long form only aggregates for comparison purposes (in the analysis using Sub-sample C,

long form versions of the other variables have been use for comparability).

4.4 Construction and timing of input measures

The main input variables are capital stock, headcount employment, average wage (as discussed

in Section 2), materials and R&D. The timings of these variables are often relevant for the various

simultaneity issues frequently discussed in the literature, following Marschak and Andrews (1944).

In the cases where a dynamic model or a structural estimation methodology are not used to tackle

the simultaneity issue, several authors have used one-period lagged values of all the inputs to address

-albeit in a relatively arbitrary fashion- the simultaneous determination of inputs and outputs (for

examples, see Hall et al. (2009), Bloom et al. (2013)). In this section, I consider the timings of each

input that may be relevant in determining the period t output.

Each of the ARD and BERD survey variables covers the year ending 31 December, which means

both the inputs and the output are measured at the end of the year. There are two exceptions

to this rule, the first is the headcount employment measure, and the second is the capital stock

variable. The headcount employment is sourced by the IDBR (based on PAYE returns), and provides

an average of end-of-quarter reports (for the four quarters in the year) for the number of individuals

employed in each enterprise. The information from IDBR is then complemented with the ONS Business

Registers Employment Survey (BRES)16. Given the timing of this variable, it may be plausible to use

employment measured contemporaneously with gross output, as the closest employment quantity

that enters the output in period t may arguably be the headcount in period t. The double counting

correction would then use the BERD long form response for the headcount employment in R&D in

period t. An alternative could be to use the period t− 1 headcount.

The physical capital stock data has been constructed from the investment series, which is a flow

variable. In the existing literature, a commonly used methodology to obtain the stock from the

flow is the perpetual inventory method, with capital stock following: Kt = (1 − δ)Kt−1 + It, where

K represents the capital stock, δ represents the depreciation rate and I represents investments in

16Special thanks to Christine Woods from the UK Data Service for her support in clarifying various
sources of employment information.

115



physical capital. Assumptions about the initial capital stock of individual firms can be varied and

the approach taken in this paper to construct initial values has been summarized in Appendix A.3.

The initial value calculation is important both for the firms that existed before the starting period

of the data set as they already have some accumulated capital in the beginning period, and also for

the new firms that enter the data set after the beginning period, as they will have accumulated some

capital before they are sent the ABI form for the first time (Martin (2002)). The aggregate capital

stock estimates from the Volume Index of Capital Services (VICS) data set are therefore apportioned

in this study to the first observation on each reporting unit in the sample period, according to the

unit’s share of total intermediate inputs utilized in its two-digit SIC sector17. From the second period

onwards in the observed lifetime of each reporting unit, the perpetual inventory method is used to

quantify their accumulated capital. Given that it is unlikely for all the acquired capital in period t to

be fully operational throughout year t, this study uses the beginning of period capital, assuming that

it contributes more to the production in the current period.

The timing and construction of the R&D input measure has been an extensively debated issue

in the literature, as discussed in detail by Hall et al. (2009) and outlined in Section 2. The main

specifications in this paper utilize the flow measure for R&D in the production function which is

equivalent to using the stock measure for knowledge under the steady state assumption discussed in

Section 2.3. The literature does not have a definitive answer regarding the timing of the R&D variables

or the appropriate lag length. There are studies in the literature with static models which use one or

more lags (for example, Adams (1990) considers up to 30 lags), as well as those that use current R&D,

depending on the available data and the informativeness of each measure in the production process18.

In Equations 10-12 presented earlier, under the steady state assumption, G1 is proportional to

both R0 and R1, and indeed to R&D spending for any other period. If the steady state assumption

is reasonable, we should then find similar results using (the natural log of) Rt, Rt−1, or Rt−s for

any s. In Section 5, elasticity estimates with different timings for the R&D variable are explored,

suggesting close to no difference between the results and providing evidence to support the steady

state approximation.

Double counting-corrections for labor and materials inputs have been possible using the long

form respondents’ data, by subtracting the R&D-related portions of labor and materials from the

totals provided in the ARD. The current R&D headcount, R&D labor cost and R&D materials have

been subtracted from traditional headcount, labor cost and materials inputs that are each timed

contemporaneously with the output measure. In the main specifications, the R&D input has been

17For some sectors, the two-digit SICs have been grouped and the resulting broader sector catego-
rization is called ‘SIC letter’s by the ONS.

18In preliminary work for this study, I considered a set of lags ranging from the first to the fifth lag,
including a distributed lag form with all five lags. Only the current value and the first lag appeared
to be informative.
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timed at t−1, as a period t demand shock may affect gross output and R&D spending simultaneously,

in which case the use of period t R&D would introduce endogeneity. Regarding the labor quality

adjustment that is included in the regressions as labor costs per worker (average wages), it has been

possible to use the information on salaries of R&D employees, subtract this amount from the total labor

cost and find an average wage measure for non-R&D employment using the non-R&D employment

described here.

I apply the inverse hyperbolic sine transform (Burbidge et al. (1988)) on all the input and output

variables, which allows for the inclusion of zero R&D observations in the estimation samples which

would not have been possible using the log transform. I demonstrate in Section 5 that the results

from two estimations on the same sample which use the natural logarithms of variables and the

inverse hyperbolic sine transformations are the same up to the third decimal point for both coefficient

estimates and standard errors. The transformation of variable z takes the form sinh−1z = ln(z +
√
z2 + 1), which has a similar shape to the log transform.

4.5 Descriptive statistics

The ARD continuously sampled manufacturing reporting units provide the basis for the sub-

samples used in the regressions19. The average cost shares of materials, labor and capital can be

instructive about the elasticity of output with respect to these inputs, especially if constant returns to

scale is a plausible assumption for the given sample of firms. In the ARD sample, on average, input

cost shares in gross output in a typical period are around 60 percent for materials, 25 percent for labor

and 15 percent for physical capital. The behavior of these cost share measures is very stable over the

time period observed in our regression samples. The cross-sectoral variation is also not very large at

this aggregate level, across both positive R&D and production-only reporting units. These ratios are

close to the findings in the existing literature and growth accounting exercises.

Long form responses constitute around 85 percent of the total value of R&D spending in BERD,

which includes short form responses and imputed data. This means that despite the much smaller

number of reporting units that receive the long form questionnaire in the sample frame of BERD, the

coverage of total R&D value is sizable (for example in year 2000, more than 400 long form reporting

units per period compared with a total of more than 9,000 short form and imputed responses).

There are three main sub-samples of interest for the production function exercise with the enter-

prise group or reporting unit’s own and external R&D as inputs. The characteristics of Sub-sample

A and Sub-sample B are very similar, whereas Sub-sample C, where locations of R&D expenditure in

19Over the years, the ONS increased the coverage of the ARD data set, collecting data from firms
in a larger number of sectors and increasing the representation of services sector reporting units. This
came at the expense of the number of reporting units in manufacturing sub-sectors, which is especially
pronounced in the data for 2008 and later in the Annual Business Survey.
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technology space and the related technology spillovers can be determined, is composed of reporting

units and enterprise groups that are larger in size, that perform considerably more R&D and that

have a larger share of observations in high technology sectors.

Table 5 presents summary statistics on gross output and employment across the three sub-samples,

providing evidence for the similarities between the large Sub-sample A and the sub-sample on which

the double-counting correction can be performed (Sub-sample B). The coverage of total gross output

are similar for Sub-samples A and B, while Sub-sample A covers a considerably higher share of total

employment. The long form sub-sample (C) covers roughly 20 percent of the total gross output and

total employment covered by Sub-sample A, but the employment headcount in an average reporting

unit is much higher above 700, whereas an average reporting unit in Sub-sample A only has 220

employees.

Table 5: Gross output and employment in different sub-samples

Gross output (in 1997 prices) Employment
Sample Total Mean St.dev. Total Mean St.dev. Freq.
Sub-sample A 701,486,165 24,516 47,661 6,285,224 220 373 28,613
Sub-sample B 554,273,314 21,343 44,345 5,025,243 194 349 25,970
Sub-sample C 171,223,259 97,010 90,362 1,249,811 708 688 1,765

In terms of sector distributions, Figure 2 shows that sub-samples A and B appear very similar

when a broad sector grouping into high (H), medium (M) and low (L) technology sectors is considered.

The allocation of product fields into H, M and L technology sectors follow the same classification as the

one used in Chapter 1 of this thesis. This is reassuring for the double-counting correction sub-sample,

but it also provides evidence that the small sample on which we can quantify technology spillovers

using the Jaffe (1986) methodology is not representative of the overall manufacturing sector.

Figure 2: Distribution of reporting units across high, medium, low technology sectors

Finally, amounts of R&D external to each firm can be calculated in the different ways described in

Section 4.1.2. For each reporting unit, summary statistics for the different measures of external R&D

are presented in Table 6. The first column of Table 6 presents the mean and standard deviation of

the basic aggregate spillover measures, which are constructed as weighted sums as described earlier,

118



including all the imputed and non-imputed R&D in the relevant sectors. Mean and standard deviation

of product market proximity measures presented under the heading ‘Jaffe (1986) product market’ in

Table 6 use both the imputed and non-imputed R&D, with the weights from employment shares in

each of the manufacturing product fields in which the firm operates. The final columns present the

mean and standard deviation of the technology spillover measure, which appear larger on average

than most of the other measures discussed, but this is because the sample on which this measure can

be calculated requires that at least one long form recipient exists within the enterprise group.

Table 6: Summary statistics on proximity measures, constant (1997) thousand GBP

Measures with enterprise group level weights:

Aggregate Jaffe (1986) product Jaffe (1986) tech.
measure market weights distance weights

Mean St.dev Mean St.dev Mean St.dev
Sub-sample A 195,274 225,458 414,485 440,737 - -
Sub-sample B 184,093 219,879 400,762 428,224 - -
Sub-sample C 320,031 225,246 702,729 542,693 757,094 732,158

Measures with reporting unit level weights:

Aggregate Jaffe (1986) product Jaffe (1986) tech.
measure market weights distance weights

Mean St.dev Mean St.dev Mean St.dev
Sub-sample A 187,357 234,856 22,292 96,398 - -
Sub-sample B 175,749 229,023 18,799 90,204 - -
Sub-sample C 297,445 271,012 213,549 219,958 275,413 582,535

In Sub-sample C, where both the technology spillovers and product market competition effects

using the Jaffe (1986) weights at the enterprise group level can be calculated (top panel of Table 6),

the correlation between the two measures is around 0.5, which is slightly higher than the finding of

BSV, but the correlation is low enough, suggesting that the two effects may be separately identified

in the empirical analysis. In the same sample, the correlation between the Jaffe enterprise group

level technology spillover measure and the crude sector aggregate calculated as the weighted sum with

the production profile at the group level as weights is lower, at 0.37. The Jaffe weights using the

production profiles of groups on Sub-sample B appear to have a correlation with the crude sector

aggregate measures with correlation coefficients around 0.35, which is also in the same ballpark when

reporting unit level weights instead of group level weights are considered to construct the measures.

5 Results

5.1 Basic specification

The empirical model for the baseline three-factor production function is the Cobb-Douglas spec-

ification provided in Section 2. In this general model, the error terms εit may be correlated with
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the input variables and split into the following components: year dummies τt, to capture common

shocks that affect all firms in the same year; firm fixed effects ηi, to capture permanent firm-level

heterogeneity; firm-specific error terms νit which capture productivity shocks that are specific to the

firm and the time period:

yit = a+ βkkit + βllit + βmmit + ηi + τt + νit (13)

Subscripts i and t represent reporting units and years respectively. k, l,m are the inverse hyperbolic

sine transforms of capital, labor and intermediate inputs; y is the output measure. Input coefficients

βk, βl and βm yield elasticities of output with respect to these inputs. The constant term is the

average total factor productivity (TFP) over all the firm-years in the sample.

All the regression tables presented in this section include year dummy variables, their interactions

with product fields and use standard errors clustered at the reporting unit level20. All the tables

contain two sets of estimates on each of these sub-samples, one set of ordinary least squares (OLS)

regression results and one set with the within-groups transformation with reporting unit fixed effects

(FE).

Table 7 shows the results from basic production function estimation without R&D using Sub-

sample A, which is the largest sub-sample. The left hand panel of Table 7 uses the inverse hyperbolic

sine transformed versions of the input and output variables, and the right hand panel uses the natu-

ral logarithm (log) transformation. A time-invariant indicator variable has been included to capture

whether the reporting unit itself performs any R&D (the dummy takes the value unity if the reporting

unit has ever reported any R&D and zero otherwise). The table demonstrates that the two trans-

formations yield very similar results up to the third decimal point when all the input and output

variables take positive values. The inverse hyperbolic sine transformation allows for zeros, which is an

advantage as it enables the use of the information on reporting units which do not themselves have

R&D operations in the regressions that include R&D variables.

Elasticity estimates reported in Columns (OLS1a) and (FE1a) of Table 7 are in the same ballpark

as generally found in the literature for the manufacturing sector, and close to the cost shares presented

in the previous section, with OLS estimates of the elasticity of output with respect to intermediate

inputs around 62 percent and with respect to headcount labor around 28 percent (Columns (OLS1a)

and (OLS1b)). As typically observed in the literature, the coefficient on capital drops as we move from

OLS to FE results, but it is still positive and highly significant with a magnitude of around 6 percent

in FE results. In fact, the coefficients on headcount labor and intermediate inputs also drop in the FE

20To account for the contemporaneous correlation between the members of the same group at the
same time period, two way clustering has also been used in regressions not presented in this paper.
The results were similar and the conclusions from hypothesis tests reported in this did not change
when two way clustering was applied.
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results. While OLS estimates in Columns (OLS1a) and (OLS1b) are close to constant returns to scale

(CRS)21, the corresponding FE results in Columns (FE1a) and (FE1b) seem to reject CRS in favor

of decreasing returns. In Columns (OLS2a) and (FE2a), the inverse hyperbolic sine transform of the

average wage is included in the regression as a quality adjustment for the labor input. This increases

the magnitude of the coefficient on the labor input, with the elasticity with respect to the headcount

measure going up by about 10 percentage points, and the coefficients on headcount labor and average

wages being very close in magnitude to each other. When the average wage variable is omitted, its

effect seems to have been captured by the materials and capital inputs and the R&D indicator.

Table 8 introduces the amount of R&D performed at: (i) the enterprise group level in the left hand

panel, similar to the specification used in Adams and Jaffe (1996), and (ii) the reporting unit level in

the right hand panel, as in most of the previous studies that used the UK BERD-ARD matched data

sets. The addition of the R&D input as a factor of production to the basic specification in Equation

13 becomes the following, with the βr coefficient estimates capturing the partial contribution of R&D

expenditures in total output:

yit = a+ βkkit + βllit + βmmit + βrrit + ηi + τt + νit (14)

Table 7: Baseline static regression results, Sub-sample A

Inverse hyperbolic sine transform Natural logarithm transform
OLS1a FE1a OLS2a FE2a OLS1b FE1b OLS2b FE2b

Labor 0.277*** 0.190*** 0.371*** 0.414*** 0.277*** 0.190*** 0.370*** 0.414***
(0.004) (0.014) (0.004) (0.017) (0.004) (0.014) (0.004) (0.017)

Materials 0.618*** 0.547*** 0.539*** 0.454*** 0.618*** 0.547*** 0.539*** 0.454***
(0.006) (0.016) (0.006) (0.015) (0.006) (0.016) (0.006) (0.015)

Capital 0.102*** 0.058*** 0.079*** 0.031** 0.102*** 0.058*** 0.079*** 0.031**
(0.006) (0.015) (0.005) (0.013) (0.006) (0.015) (0.005) (0.013)

R&D dummy 0.031*** . 0.009 . 0.031*** . 0.009 .
(0.007) . (0.007) . (0.007) . (0.007) .

Average wage 0.382*** 0.365*** 0.379*** 0.364***
(0.006) (0.018) (0.006) (0.018)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. Yes Yes Yes Yes Yes Yes Yes Yes
R squared 0.979 0.695 0.985 0.757 0.979 0.695 0.985 0.757
No of total obs 28,613 28,613 28,613 28,613 28,613 28,613 28,613 28,613
No of R&D RU 4,107 4,107 4,107 4,107 4,107 4,107 4,107 4,107
Standard errors clustered at the reporting unit level are in parantheses below the coefficient.
‘No of R&D RU’ stands for the number of observations on reporting units that have ever had positive R&D at the
reporting unit level.

With the inclusion of the R&D variable (one period lagged in all regressions), the difference

between Columns (OLS3a) and (OLS4a) for the specifications which use the enterprise group level

R&D and between Columns (OLS3b) and (OLS4b) for the specifications which use the reporting unit

level R&D becomes clear: the omission of the average wage variable as a proxy for labor quality seems

to cause the variable which represents the amount of R&D to partly pick up the effect of labor quality.

When the average wage variable is included, the magnitudes of the point estimates on R&D elasticity

21Formal tests of the CRS restriction βk + βl + βm = 1 are not rejected in the OLS regressions.
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Table 8: Static specification with R&D flow as input, Sub-sample A

R&D at enterprise group level: R&D at reporting unit level:
OLS3a FE3a OLS4a FE4a OLS3b FE3b OLS4b FE4b

Labor 0.276*** 0.189*** 0.370*** 0.414*** 0.277*** 0.189*** 0.370*** 0.414***
(0.004) (0.014) (0.004) (0.017) (0.004) (0.014) (0.004) (0.017)

Materials 0.619*** 0.547*** 0.540*** 0.454*** 0.619*** 0.547*** 0.540*** 0.454***
(0.006) (0.016) (0.006) (0.015) (0.006) (0.016) (0.006) (0.015)

Capital 0.100*** 0.058*** 0.078*** 0.031** 0.101*** 0.058*** 0.079*** 0.031**
(0.006) (0.015) (0.005) (0.013) (0.006) (0.015) (0.005) (0.013)

R&D dummy 0.001 . (0.011) . -0.001 . -0.008 .
(0.009) . (0.008) . (0.011) . (0.009) .

R&D amount 0.008*** 0.001 0.005*** 0.000 0.007*** 0.001 0.004** 0.000
(0.001) (0.001) (0.001) (0.001) (0.002) (0.002) (0.002) (0.002)

Average wage 0.380*** 0.365*** 0.381*** 0.365***
(0.006) (0.018) (0.006) (0.018)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. Yes Yes Yes Yes Yes Yes Yes Yes
R squared 0.979 0.695 0.985 0.757 0.979 0.695 0.985 0.757
No of total obs 28,613 28,613 28,613 28,613 28,613 28,613 28,613 28,613
No of R&D RU 4,107 4,107 4,107 4,107 4,107 4,107 4,107 4,107
Standard errors clustered at the reporting unit level are in parantheses below the coefficient.
The inverse hyperbolic sine transformation is applied to all variables except binary dummies.
‘No of R&D RU’ stands for the number of observations on reporting units that have ever had positive R&D at the
reporting unit level.

are approximately halved. The coefficients on materials and capital are also possibly estimated with an

upward bias in the regressions which omit the average wage variable. The inclusion of a proxy for labor

quality is in line with the theoretical foundation in Griliches (1979), who argues that the omission

of such a variable causes the labor input to be mis-measured. UK studies which use BERD-ARD

matched data sets that were cited earlier in this paper do not include a labor quality adjustment,

which is one of the reasons for the larger magnitudes of R&D coefficient estimates found in these

studies. In the OLS regressions presented in Table 8, the magnitudes of the point estimates for the

R&D elasticity are a modest 0.3-0.4 percent (Columns (OLS4a) and (OLS4b)) and not significantly

different from zero when reporting unit fixed effects are included. A prominent feature of R&D data

is the low variation in the time dimension, which also characterizes the data set used in this study.

The inclusion of reporting unit fixed effects most of the time completely wipes out the effect of the

R&D input, in the specifications where the mis-measurement in labor and materials inputs are not

corrected for by removing the R&D components of these variables.

The convention in the literature is to apply the log transformation, which necessitates dropping

observations on reporting units with zero R&D. Other simple transformations have also been used

to overcome this problem, such as adding ‘1’ to the R&D amount (See, for example, Harris et al.

(2009)). Table 7 demonstrated the equivalence of the results from regressions which use variables

that are transformed using the log and the inverse hyperbolic sine transform. In the presence of the

R&D variable, the coefficient estimates, standard errors and R squared values are identical in the two

transformations up to the third decimal point22.

Table 9 additionally demonstrates the consequences of focusing only on observations with positive

22The version of Table 9 with log transforms of variables is available upon request.
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R&D values for the magnitudes of the elasticity estimates. In Columns (OLS6a) and (OLS6b) (or

equivalently (OLS8a) and (OLS8b)), the coefficient on R&D is larger in magnitude than the estimates

reported in Table 8 which used larger data sets and incorporated the information from an R&D-

doing reporting unit both when it reports positive R&D as well as when it reports zero R&D. The

comparison between Tables 8 and 9 also suggests that the coefficients on labor and materials may be

different for reporting units with positive R&D and the reporting units with zero R&D. I will explore

heterogeneity in all input coefficients across reporting units with zero R&D and those with positive

R&D in later specifications in this section.

Table 9: Static specification with R&D flow as input, Sub-sample A positive R&D
observations

R&D at enterprise group level: R&D at reporting unit level:
OLS7a FE7a OLS8a FE8a OLS7b FE7b OLS8b FE8b

Labor 0.216*** 0.202*** 0.319*** 0.381*** 0.217*** 0.203*** 0.319*** 0.383***
(0.013) (0.038) (0.014) (0.050) (0.013) (0.038) (0.014) (0.050)

Materials 0.642*** 0.602*** 0.584*** 0.533*** 0.642*** 0.602*** 0.584*** 0.532***
(0.018) (0.036) (0.017) (0.037) (0.017) (0.036) (0.017) (0.037)

Capital 0.122*** 0.112*** 0.089*** 0.078** 0.121*** 0.112*** 0.088*** 0.078**
(0.015) (0.037) (0.014) (0.032) (0.015) (0.037) (0.014) (0.033)

R&D amount 0.026*** -0.003 0.009** -0.008 0.029*** -0.005 0.010** -0.01
(0.004) (0.007) (0.004) (0.007) (0.005) (0.009) (0.005) (0.008)

Average wage 0.369*** 0.311*** 0.368*** 0.312***
(0.026) (0.057) (0.026) (0.057)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. Yes Yes Yes Yes Yes Yes Yes Yes
R squared 0.973 0.747 0.978 0.775 0.973 0.747 0.978 0.776
No of total obs 3,005 3,005 3,005 3,005 3,005 3,005 3,005 3,005
No of R&D RU 3,005 3,005 3,005 3,005 3,005 3,005 3,005 3,005
Standard errors clustered at the reporting unit level are in parantheses below the coefficient.
All variables transformed using the inverse hyperbolic sine transform.
Natural log transform produces results that are the same up to the third decimal point.
‘No of R&D RU’ stands for the number of observations on reporting units that have ever had positive R&D at the
reporting unit level.

5.2 Correcting mis-measurement in labor and materials

So far, the impact of own R&D on productivity appears to have been very modest, either when

measured in terms of the total R&D done by the parent firm or in terms of the reporting unit’s

own R&D. Now, in Table 10, labor and materials input measures are corrected to address the mis-

measurement issue by subtracting the R&D component of headcount labor and materials from the

total headcount and materials of the reporting unit. I was able to carry out this correction thanks to

the availability of BERD long form breakdowns of R&D into labor costs and other current expenditure.

The availability of the labor cost variables in both ARD and BERD also allowed me to distinguish

between R&D salaries and overall salaries reported in ARD, constructing a ‘non-R&D average wage’

variable. It is common in the literature to call this correction the ‘double counting correction’, although

it is a way of addressing a mis-measurement problem with the standard production inputs. I will

nevertheless follow the convention in the literature in the rest of this paper and refer to the operation
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as the ‘double counting correction’. Short form recipient R&D reporting units are now dropped from

the sample, yielding Sub-sample B as described in Section 4.

There is a substantial effect of the double counting correction on the R&D elasticity estimates,

both when own R&D refers to reporting unit level R&D and when it refers to enterprise group level

R&D. Table 11 follows Table 10 for comparison purposes, as Table 11 is based on the same sample

as in Table 10 but uses the uncorrected measures of labor and materials. Given the importance

of the inclusion of the average wage variable as discussed earlier, I emphasize the results from the

regressions which include this variable from now on. In Column (OLS10a) in Table 10, the R&D

elasticity estimate is highly significant and has a magnitude of 1 percent, compared with the 0.6

percent reported in Column (OLS12a) of Table 11 using the enterprise group level R&D measure.

When reporting unit fixed effects are included in this specification, there does not appear to be a

notable improvement in the magnitude and significance of the R&D elasticity estimates reported in

Column (FE10a) compared with those in Column (FE12a).

In the right hand panels of Tables 10 and 11, the coefficient on own R&D of the reporting unit

is now estimated in the OLS regression as 2.1 percent and highly significant in Table 10, and this

magnitude is more than three times as large as the 0.6 percent reported in Table 11. Even the FE

results presented in Column (FE10b) seem to be much larger in magnitude (1.3 percent) than their

counterparts that were estimated using input measures that are not corrected for double counting

(0.1 percent in Column (FE12b)), despite lacking statistical significance at the 10 percent level. In

the tables that follow after Table 11, headcount labor, average wage and materials are corrected for

double counting unless stated otherwise in the table footnotes.

The comparison between Tables 10 and 11 does not reveal a notable change in the estimates of the

elasticity of output with respect to the headcount labor and materials. The estimated coefficient on

average wage, which is corrected using the salary information in BERD for scientists and researchers,

decreased from 38 percent to 36 percent after the double counting correction in Table 10.

5.3 Exploring heterogeneities across R&D and production units

A potential source of heterogeneity in the estimates of R&D and other input elasticities may be

the distinction between R&D-doing reporting units and other reporting units which have not had

any R&D operation during the sample period. The latter group can be thought of as ‘production-

only’ reporting units as they are in the sample because of having been captured in the manufacturing

ARD survey only. By showing that the positive R&D reporting units may take on different input

elasticities than the pooled sample, Table 9 has already demonstrated that we may expect estimated

input coefficients to be different between these two types of reporting units. Table 12 explores the

presence of such heterogeneity across R&D and production-only reporting units. In Table 12, each
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Table 10: Sub-sample B, with double counting correction in labor and materials

R&D at enterprise group level: R&D at reporting unit level:
OLS9a FE9a OLS10a FE10a OLS9b FE9b OLS10b FE10b

Non-R&D labor 0.277*** 0.178*** 0.365*** 0.379*** 0.278*** 0.178*** 0.367*** 0.380***
(0.005) (0.016) (0.005) (0.032) (0.004) (0.015) (0.005) (0.032)

Non-R&D materials 0.615*** 0.537*** 0.537*** 0.454*** 0.615*** 0.538*** 0.538*** 0.454***
(0.007) (0.018) (0.006) (0.019) (0.007) (0.018) (0.006) (0.019)

Capital 0.101*** 0.058*** 0.083*** 0.036** 0.102*** 0.057*** 0.083*** 0.035**
(0.007) (0.016) (0.006) (0.015) (0.007) (0.016) (0.006) (0.015)

R&D dummy 0.056*** . 0.042*** . 0.028** . 0.016* .
(0.011) . (0.010) . (0.011) . (0.009) .

R&D amount 0.012*** 0.001 0.010*** 0.001 0.024*** 0.011 0.021*** 0.013
(0.001) (0.002) (0.001) (0.002) (0.003) (0.010) (0.003) (0.010)

Non-R&D av. wage 0.359*** 0.314*** 0.359*** 0.315***
(0.012) (0.051) (0.012) (0.051)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. Yes Yes Yes Yes Yes Yes Yes Yes
R squared 0.978 0.687 0.984 0.742 0.978 0.687 0.984 0.743
No of total obs 25,970 25,970 25,970 25,970 25,970 25,970 25,970 25,970
No of R&D RU 1,464 1,464 1,464 1,464 1,464 1,464 1,464 1,464
Standard errors clustered at the reporting unit level are in parantheses below the coefficient.
‘No of R&D RU’ stands for the number of observations on reporting units that have ever had positive R&D at the
reporting unit level.
The inverse hyperbolic sine transformation is applied to all variables except binary dummies.

Table 11: Sub-sample B, inputs not corrected for double counting

R&D at enterprise group level: R&D at reporting unit level:
OLS11a FE11a OLS12a FE12a OLS11b FE11b OLS12b FE12b

Labor 0.278*** 0.180*** 0.372*** 0.410*** 0.279*** 0.180*** 0.373*** 0.410***
(0.004) (0.016) (0.004) (0.019) (0.004) (0.016) (0.004) (0.019)

Materials 0.618*** 0.543*** 0.537*** 0.449*** 0.617*** 0.543*** 0.537*** 0.449***
(0.007) (0.018) (0.006) (0.017) (0.007) (0.018) (0.006) (0.017)

Capital 0.097*** 0.053*** 0.077*** 0.028* 0.099*** 0.053*** 0.079*** 0.027*
(0.007) (0.016) (0.006) (0.014) (0.007) (0.016) (0.006) (0.014)

R&D dummy 0.038*** . 0.015* . 0.028*** . 0.012 .
(0.010) . (0.009) . (0.011) . (0.009) .

R&D amount 0.009*** 0.001 0.006*** 0.000 0.012*** 0.003 0.006** 0.003
(0.001) (0.002) (0.001) (0.002) (0.003) (0.007) (0.003) (0.007)

Average wage 0.380*** 0.366*** 0.380*** 0.366***
(0.006) (0.020) (0.006) (0.020)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. Yes Yes Yes Yes Yes Yes Yes Yes
R squared 0.978 0.691 0.984 0.757 0.978 0.691 0.984 0.757
No of total obs 25,970 25,970 25,970 25,970 25,970 25,970 25,970 25,970
No of R&D RU 1,464 1,464 1,464 1,464 1,464 1,464 1,464 1,464
Standard errors clustered at the reporting unit level are in parantheses below the coefficient.
‘No of R&D RU’ stands for the number of observations on reporting units that have ever had positive R&D at the
reporting unit level.
The inverse hyperbolic sine transformation is applied to all variables except binary dummies.

input coefficient is allowed to take on different values for reporting units which have had positive

R&D in at least one year during the sample period. The input coefficients are interacted with the

time-invariant R&D dummy to capture the elasticities for the reporting units which had any R&D

operation during the sample period. The elasticity estimates for production-only reporting units are

captured by the interaction ‘No-R&D dum.’ (equal to 1-R&D dummy). At the bottom of the table,

p-values for the hypothesis tests of equal coefficients on each of the traditional inputs headcount labor,

materials and capital, as well as that of the own R&D variable are presented. These suggest that the

two groups (R&D and No-R&D reporting units) may have different elasticities of output with respect

to headcount labor, materials and own R&D.
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As before, the right hand panel of Table 12 takes the reporting unit level R&D as the measure

of the reporting unit’s own R&D, whereas the left hand panel takes enterprise group level R&D to

capture the effect of own R&D on a reporting unit’s productivity23. The specification which uses

reporting unit-level R&D (right hand panel of Tables 8-12) imposes the restriction that reporting

units which report zero R&D in a particular year derive no benefit from R&D performed elsewhere

in the same enterprise group. The positive and significant coefficient on the own R&D input at the

enterprise group level in Columns (OLS13a) and (OLS14a) of Table 12 provides evidence for the

productivity effects of R&D on reporting units which themselves do not perform R&D activity.

The comparison between Tables 12 and 13 now also demonstrates a change in the coefficient on

headcount labor when the inputs are corrected for double counting. In table 13, the coefficient on

the uncorrected headcount labor input is estimated by OLS to be 34 percent for the positive R&D

reporting units (Columns (OLS16a) and (OLS16b)), whereas when the inputs are corrected for double

counting, the magnitude of this estimate drops to 28 percent (Columns (OLS14a) and (OLS14b)). The

correction does not have an effect on the input elasticity estimates for the production-only reporting

units. We also do not observe a large change in the estimated elasticity of output with respect to

materials. As before, the effect on the OLS coefficient on R&D input is pronounced, with the elasticity

of output with respect to own R&D at the enteprise group level estimated to be 0.4 percent without

the double counting correction and 2 percent with the correction. For production-only units, the

elasticity of output with respect to R&D done at the group level estimated by OLS is positive and

significant, with a magnitude of 0.6 percent with or without the correction. The right hand panels of

Tables 12 and 13 show that the double counting correction increases the estimated productivity effect

of the reporting unit’s own R&D from an insignificant 0.5 percent to 2.3 percent and significant at

the 1 percent level. The FE estimates for the coefficient on own R&D also increase in magnitude but

they are not significant at the 10 percent level even after the double counting correction.

Earlier in Table 9, there was a noticeable drop in the total number of observations from the number

of observations on R&D-doing reporting units that was reported in the earlier Tables 7 and 8. This

is because the time-invariant R&D dummy variable takes a value of unity even in the years before

the reporting unit begins its R&D operation, or in the years where it does not report positive R&D.

In the samples, around half of the observations on reporting units with positive R&D continuously

report positive R&D, and more than a quarter begin their R&D operations during the sample period.

The remaining observations are on reporting units which either stop reporting positive R&D after a

certain year in the sample or follow a ‘stop-and-go’ pattern.

Regarding the steady state assumption exploited here to use the R&D flow instead of the stock

variable, the reporting units which continuously report positive R&D may be thought of as the best

23The coefficient on R&D for the production-only reporting units drops in the right hand panel, as
all production-only reporting units always report zero R&D.
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Table 12: Sub-sample B, inputs allowed to vary across positive R&D reporting units
and production-only units, labor and materials corrected for double counting

R&D at enterprise group level: R&D at reporting unit level:
OLS13a FE13a OLS14a FE14a OLS13b FE13b OLS14b FE14b

L*R&D dum. 0.221*** 0.149*** 0.278*** 0.184*** 0.222*** 0.152*** 0.278*** 0.188***
(0.019) (0.045) (0.028) (0.070) (0.019) (0.044) (0.027) (0.070)

L*No-R&D dum. 0.280*** 0.179*** 0.370*** 0.413*** 0.281*** 0.179*** 0.371*** 0.413***
(0.005) (0.016) (0.004) (0.019) (0.005) (0.016) (0.004) (0.019)

M*R&D dum. 0.638*** 0.470*** 0.581*** 0.461*** 0.638*** 0.474*** 0.583*** 0.464***
(0.023) (0.059) (0.023) (0.060) (0.023) (0.057) (0.023) (0.058)

M*No-R&D dum. 0.614*** 0.543*** 0.536*** 0.447*** 0.614*** 0.543*** 0.535*** 0.447***
(0.007) (0.019) (0.006) (0.017) (0.007) (0.019) (0.006) (0.017)

K*R&D dum. 0.118*** 0.160*** 0.113*** 0.134*** 0.117*** 0.153*** 0.112*** 0.127***
(0.018) (0.044) (0.021) (0.044) (0.018) (0.043) (0.020) (0.042)

K*No-R&D dum. 0.099*** 0.046*** 0.081*** 0.023 0.101*** 0.046*** 0.082*** 0.023
(0.007) (0.017) (0.006) (0.015) (0.007) (0.017) (0.006) (0.015)

R*R&D dum. 0.021*** 0.005 0.020*** 0.004 0.023*** 0.009 0.023*** 0.009
(0.003) (0.006) (0.003) (0.006) (0.003) (0.009) (0.004) (0.009)

R*No-R&D dum. 0.008*** 0.000 0.006*** 0.000 . . . .
(0.001) (0.002) (0.001) (0.002) . . . .

R&D dummy -0.029 . 0.437 . -0.016 . 0.459* .
(0.087) . (0.267) . (0.086) . (0.260) .

W*R&D dum. 0.192** 0.033 0.188** 0.035
(0.088) (0.092) (0.086) (0.093)

W*No-R&D dum. 0.370*** 0.371*** 0.371*** 0.371***
(0.009) (0.020) (0.009) (0.020)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. Yes Yes Yes Yes Yes Yes Yes Yes
R squared 0.978 0.688 0.984 0.752 0.978 0.688 0.984 0.753
No of total obs 25,970 25,970 25,970 25,970 25,970 25,970 25,970 25,970
No of R&D RU 1,464 1,464 1,464 1,464 1,464 1,464 1,464 1,464
p-val., equal βL 0.002 0.535 0.001 0.001 0.002 0.562 0.001 0.002
p-val., equal βM 0.329 0.235 0.055 0.818 0.296 0.24 0.041 0.775
p-val., equal βK 0.309 0.015 0.115 0.015 0.372 0.019 0.133 0.018
p-val., equal βR 0.000 0.488 0.000 0.415 . . . .
Headcount labor (L), materials (M) and average wage (W ) variables are corrected for double counting. Physical capital (K) is not.
Standard errors clustered at the reporting unit level are in parantheses below the coefficient.
‘No of R&D RU’ stands for the number of observations on reporting units that have ever had positive R&D at the
reporting unit level.
The inverse hyperbolic sine transformation is applied to all variables except binary dummies.
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Table 13: Sub-sample B, inputs allowed to vary across positive R&D reporting units
and production-only units, inputs not corrected for double counting

R&D at enterprise group level: R&D at reporting unit level:
OLS15a FE15a OLS16a FE16a OLS15b FE15b OLS16b FE16b

L*R&D dum. 0.234*** 0.175*** 0.337*** 0.326*** 0.234*** 0.175*** 0.336*** 0.326***
(0.016) (0.046) (0.016) (0.066) (0.016) (0.046) (0.016) (0.066)

L*No-R&D dum. 0.281*** 0.179*** 0.373*** 0.415*** 0.282*** 0.179*** 0.374*** 0.415***
(0.005) (0.016) (0.004) (0.019) (0.005) (0.016) (0.004) (0.019)

M*R&D dum. 0.662*** 0.536*** 0.580*** 0.485*** 0.662*** 0.536*** 0.581*** 0.486***
(0.020) (0.056) (0.019) (0.058) (0.020) (0.056) (0.019) (0.058)

M*No-R&D dum. 0.615*** 0.543*** 0.535*** 0.446*** 0.615*** 0.543*** 0.535*** 0.446***
(0.007) (0.019) (0.006) (0.017) (0.007) (0.019) (0.006) (0.017)

K*R&D dum. 0.093*** 0.110*** 0.073*** 0.078** 0.094*** 0.109*** 0.073*** 0.077**
(0.016) (0.040) (0.014) (0.039) (0.016) (0.041) (0.014) (0.039)

K*No-R&D dum. 0.098*** 0.046*** 0.078*** 0.022 0.100*** 0.046*** 0.079*** 0.022
(0.007) (0.017) (0.006) (0.015) (0.007) (0.017) (0.006) (0.015)

R*R&D dum. 0.010*** 0.001 0.004* 0.001 0.011*** 0.001 0.005 0.002
(0.002) (0.006) (0.002) (0.005) (0.003) (0.007) (0.003) (0.007)

R*No-R&D dum. 0.008*** 0.000 0.006*** 0.000 . . . .
(0.001) (0.002) (0.001) (0.002) . . . .

R&D dummy -0.109 . -0.197* . -0.099 . -0.181* .
(0.083) . (0.101) . (0.083) . (0.101) .

W*R&D dum. 0.388*** 0.244*** 0.385*** 0.244***
(0.028) (0.071) (0.029) (0.070)

W*No-R&D dum. 0.379*** 0.374*** 0.380*** 0.374***
(0.006) (0.020) (0.006) (0.020)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. Yes Yes Yes Yes Yes Yes Yes Yes
R squared 0.978 0.691 0.984 0.758 0.978 0.691 0.984 0.758
No of total obs 25,970 25,970 25,970 25,970 25,970 25,970 25,970 25,970
No of R&D RU 1,464 1,464 1,464 1,464 1,464 1,464 1,464 1,464
p-val., equal βL 0.005 0.927 0.027 0.188 0.004 0.930 0.021 0.191
p-val., equal βM 0.020 0.897 0.021 0.513 0.019 0.901 0.019 0.508
p-val., equal βK 0.747 0.140 0.689 0.170 0.703 0.149 0.660 0.178
p-val., equal βR 0.423 0.877 0.481 0.825 0.000 0.837 0.101 0.789
Inputs headcount labor (L), materials (M), physical capital (K) and average wage (W ) are not corrected for double counting.
Standard errors clustered at the reporting unit level are in parantheses below the coefficient.
‘No of R&D RU’ stands for the number of observations on reporting units that have ever had positive R&D at the
reporting unit level.
The inverse hyperbolic sine transformation is applied to all variables except binary dummies.
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suited group for such approximation to apply. The stop-and-go pattern may undermine the steady

state approximation, although such reporting units constitute a small portion of the sample, with

observations on reporting units that follow a stop-and-go pattern constituting fewer than 10 percent

of the observations labeled as having ever performed R&D. Reporting units which sometimes report

zero R&D may be expected to contribute less to productivity; however, when they are pooled with

the reporting units that continuously perform positive R&D, then most of the variation in R&D

flow in the within-reporting unit dimension is sourced from the reporting units which report positive

R&D intermittently (Columns (FE7a), (FE8a), (FE7b), (FE8b)). These concerns suggest that a

specification which allows the coefficient on the R&D variable(s) to vary between reporting units

which continuously report R&D and those which report R&D intermittently is more desirable.

Based on the distinction between continuous R&D performers and others (including starters,

exiters and stop-and-go R&D performers), I define two groups of reporting units which have ever

performed R&D in the sample period: first, reporting units which continuously report positive R&D

(henceforth labeled as ‘regular R&D’ in the tables), and second, reporting units which intermittently

report positive R&D (labeled ‘irregular R&D’) to explore the possibly varying degrees of these groups’

contributions to productivity.

The different results found for the estimated R&D elasticities when the group level R&D measure

and the reporting unit level R&D are used suggest a more general specification which compares the

relative importance of the two in one regression. Table 14 presents the results from regressions with

the total group level R&D amount interacted with the dummy variables which indicate whether the

reporting unit itself does any R&D, and R&D done in the ‘rest of the group’ (net of R&D done

by the reporting unit itself) interacted with the three dummy variables that capture: (i) regular

R&D performers, (ii) irregular R&D performers, and (iii) production-only reporting units (No-R&D

dummy).

Table 14 suggests that R&D done elsewhere in the group is important for the reporting units

which do not perform R&D, and indeed more important for these production-only facilities than it

is for the reporting units which do perform R&D. For the R&D units, the main productivity effect

comes from the R&D done by the same reporting unit (in most cases, this is the R&D done on-site).

The difference between the left hand and the right hand panels of Table 14 is the way in which the

sector dummy variables and time effects are included in the model. The specification used in the left

hand panel includes dummy variables for each year and interaction terms for each sector-year pair.

The right hand panel presents estimates from a model that includes sector dummies and year dummies

separately. The results reported in these two panels of Table 14 are similar enough to support the use

of either specification. In the tables that follow Table 14, I include sector and year dummy variables

additively in the regressions24.

24Results from the same regressions with sector-year interactions instead of sector dummies have
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Table 14: Sub-sample B, relative importance of R&D done by the reporting unit and
elsewhere in the same group

Include year and sector-year interactions Include year and sector dummies
OLS17a FE17a OLS18a FE18a OLS17b FE17b OLS18b FE18b

L * R&D dum. 0.220*** 0.152*** 0.277*** 0.188*** 0.228*** 0.168*** 0.283*** 0.198***
(0.019) (0.045) (0.027) (0.070) (0.019) (0.055) (0.027) (0.076)

L * No-R&D dum. 0.280*** 0.179*** 0.370*** 0.413*** 0.281*** 0.178*** 0.371*** 0.404***
(0.005) (0.016) (0.004) (0.019) (0.005) (0.017) (0.004) (0.021)

M * R&D dum. 0.642*** 0.475*** 0.585*** 0.465*** 0.641*** 0.479*** 0.584*** 0.465***
(0.023) (0.057) (0.023) (0.059) (0.023) (0.058) (0.023) (0.058)

M * No-R&D dum. 0.614*** 0.543*** 0.536*** 0.447*** 0.618*** 0.544*** 0.538*** 0.450***
(0.007) (0.019) (0.006) (0.017) (0.007) (0.019) (0.007) (0.017)

K * R&D dum. 0.114*** 0.150*** 0.110*** 0.124*** 0.107*** 0.117*** 0.105*** 0.102**
(0.018) (0.043) (0.020) (0.042) (0.018) (0.042) (0.020) (0.041)

K * No-R&D dum. 0.099*** 0.046*** 0.080*** 0.023 0.095*** 0.048*** 0.077*** 0.017
(0.007) (0.017) (0.006) (0.015) (0.007) (0.018) (0.006) (0.016)

Rep. unit R * 0.025*** 0.008 0.021*** 0.008 0.024*** 0.007 0.021*** 0.008
irregular R&D dum. (0.006) (0.009) (0.006) (0.009) (0.007) (0.009) (0.006) (0.009)

Rep. unit R * 0.022*** 0.027 0.022*** 0.028 0.022*** 0.019 0.022*** 0.022
regular R&D dum. (0.004) (0.072) (0.004) (0.071) (0.004) (0.069) (0.004) (0.069)

Rest of group R&D * 0.003 -0.001 0.004 -0.002 0.004 -0.003 0.005 -0.003
irregular R&D dum. (0.003) (0.007) (0.003) (0.007) (0.004) (0.008) (0.003) (0.008)

Rest of group R&D * 0.009 0.005 0.006 0.004 0.010* 0.004 0.007 0.003
regular R&D dum. (0.006) (0.008) (0.006) (0.007) (0.006) (0.009) (0.006) (0.009)

Rest of group R&D * 0.008*** 0.000 0.006*** 0.000 0.008*** 0.000 0.006*** 0.000
non-R&D dum. (0.001) (0.002) (0.001) (0.002) (0.001) (0.002) (0.001) (0.002)

R&D dummy -0.024 . 0.460* . -0.008 . 0.465* .
(0.087) . (0.259) . (0.087) . (0.261) .

W * R&D dum. 0.187** 0.034 0.191** 0.037
(0.086) (0.092) (0.086) (0.096)

W * No-R&D dum. 0.370*** 0.371*** 0.371*** 0.363***
(0.009) (0.020) (0.009) (0.021)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. Yes Yes Yes Yes No No No No
R squared 0.978 0.688 0.984 0.753 0.977 0.663 0.983 0.729
No of total obs 25,970 25,970 25,970 25,970 25,970 25,970 25,970 25,970
No of R&D RU 1,464 1,464 1,464 1,464 1,464 1,464 1,464 1,464
p-values for the tests of equal:

βRU
R (irreg.=reg. R&D) 0.666 0.792 0.883 0.780 0.766 0.864 0.881 0.837

βROG
R (irreg.=reg. R&D) 0.422 0.555 0.763 0.554 0.405 0.574 0.738 0.642

βROG
R (irreg.=reg.=no-R&D) 0.430 0.822 0.800 0.816 0.524 0.850 0.891 0.898

βL (positive R&D=no-R&D) 0.002 0.572 0.001 0.002 0.005 0.865 0.001 0.009

βM (positive R&D=no-R&D) 0.240 0.255 0.036 0.759 0.311 0.287 0.051 0.801

βK (positive R&D=no-R&D) 0.407 0.024 0.133 0.023 0.506 0.116 0.164 0.050
Same footnotes as for Table 12 apply. ‘RU’ stands for reporting unit, ‘ROG’ stands for rest of group.
Headcount labor (L), materials (M) and average wage (W ) variables are corrected for double counting. Physical capital (K) is not.
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Table 14 presents the results based on the preferred specification of this paper, with separate

coefficients for each input elasticity depending on R&D and no-R&D status of the reporting unit, and

a further differentiation between regular and irregular R&D among the reporting units which have

ever reported positive R&D during the sample period25.

Without the inclusion of any measure of R&D external to the firm, the estimation of the unre-

stricted model in Table 14 emphasizes the importance of the reporting unit’s own R&D on its own

productivity for both regular and irregular R&D performers and also does not find any significant

differences between these two groups (p-value above 0.75 for Columns (OLS18a-b) and (FE18a-b)).

The elasticity of output with respect to the reporting unit’s own R&D is estimated to be 2.1-2.2

percent and significant at the 1 percent level in OLS regressions (Columns (OLS18a) and (OLS18b)).

The inclusion of reporting unit fixed effects increases the variance of this coefficient estimate for the

reporting units which continuously report positive R&D, but the magnitude of the estimated coef-

ficient increases to around 2.8 percent (Columns (FE18a) and (FE18b)). The elasticity of output

with respect to the reporting unit’s own R&D reduces to 0.8 percent for the irregular performers of

R&D, as the zeros are the main source of variation in the time dimension for this group of reporting

units and render the within groups estimates close to zero and insignificant. The importance of R&D

done in other reporting units belonging to the same group is supported by the positive and significant

coefficient on ‘rest of group R&D’ for the production-only reporting units, which has a magnitude of

0.6 percent in OLS regressions.

5.4 Introducing measures of R&D external to the firm

The next step is to consider some measures of R&D external to the firm, which were introduced

in Section 4. I begin by introducing a basic measure for every reporting unit i that is constructed as

a weighted sum of all R&D reported by the reporting units that do not belong to unit i’s enterprise

group, with the weights determined as the share of employment in i in each of the 33 product groups

based on the SIC sectors reported in local unit-level information in IDBR. The share of employment in

different product groups for each reporting unit may be based on either the distribution of employment

within the enterprise group or the reporting unit. In each of the tables that follow, the left hand and

the right hand panels differentiate between enterprise group-level weights and reporting unit-level

weights.

no effect on the discussion and the conclusions. These tables are available upon request.
25Based on the significance of these input coefficients and the p-values reported at the bottom of the

table for hypothesis tests on equal coefficients as indicated, it is possible to impose some restrictions
on the model presented in Table 14. I prefer to report the results based on this unrestricted model,
noting that imposing the restrictions of equal reporting unit level R&D elasticities for irregular, regular
and non-performers of R&D, or equal rest of group R&D elasticities for irregular, regular and non-
performers of R&D does not change the sign, significance and magnitude of the remaining coefficients.
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Table 15: Sub-sample B, introduction of aggregate R&D as measure of external R&D

Aggregate R&D: wgt. by emp. shares at group level wgt. by emp. shares at rep. unit level
OLS19a FE19a OLS20a FE20a OLS19b FE19b OLS20b FE20b

L*R&D dum. 0.228*** 0.168*** 0.283*** 0.198*** 0.228*** 0.168*** 0.283*** 0.198***
(0.019) (0.054) (0.027) (0.076) (0.019) (0.055) (0.027) (0.076)

L*No-R&D dum. 0.281*** 0.177*** 0.371*** 0.404*** 0.281*** 0.177*** 0.371*** 0.404***
(0.005) (0.017) (0.004) (0.021) (0.005) (0.017) (0.004) (0.021)

M*R&D dum. 0.641*** 0.479*** 0.584*** 0.465*** 0.641*** 0.479*** 0.584*** 0.465***
(0.023) (0.058) (0.023) (0.058) (0.023) (0.058) (0.023) (0.058)

M*No-R&D dum. 0.617*** 0.543*** 0.538*** 0.450*** 0.618*** 0.543*** 0.538*** 0.450***
(0.007) (0.019) (0.007) (0.017) (0.007) (0.019) (0.007) (0.017)

K*R&D dum. 0.107*** 0.117*** 0.105*** 0.102** 0.107*** 0.118*** 0.105*** 0.102**
(0.018) (0.041) (0.020) (0.041) (0.018) (0.042) (0.020) (0.041)

K*No-R&D dum. 0.095*** 0.048*** 0.077*** 0.017 0.095*** 0.048*** 0.077*** 0.017
(0.007) (0.018) (0.006) (0.016) (0.007) (0.018) (0.006) (0.016)

Rep. unit R * 0.024*** 0.007 0.021*** 0.008 0.024*** 0.007 0.021*** 0.008
irregular R&D dum. (0.007) (0.009) (0.006) (0.009) (0.007) (0.009) (0.006) (0.009)

Rep. unit R * 0.022*** 0.02 0.022*** 0.022 0.022*** 0.019 0.022*** 0.022
regular R&D dum. (0.004) (0.070) (0.004) (0.069) (0.004) (0.069) (0.004) (0.069)

Rest of group R&D * 0.004 -0.003 0.005 -0.003 0.004 -0.003 0.005 -0.003
irregular R&D dum. (0.003) (0.008) (0.003) (0.008) (0.004) (0.008) (0.003) (0.008)

Rest of group R&D * 0.010* 0.004 0.007 0.003 0.010* 0.004 0.007 0.003
regular R&D dum. (0.006) (0.009) (0.006) (0.009) (0.006) (0.009) (0.006) (0.009)

Rest of group R&D * 0.008*** 0.000 0.006*** 0.000 0.008*** 0.000 0.006*** 0.000
non-R&D dum. (0.002) (0.002) (0.001) (0.002) (0.001) (0.002) (0.001) (0.002)

R&D dummy -0.01 . 0.463* . -0.007 . 0.465* .
(0.087) . (0.261) . (0.087) . (0.261) .

External R&D 0.005* 0.004 0.003 0.000 0.002 0.005 0.001 -0.001
(0.003) (0.005) (0.002) (0.004) (0.003) (0.004) (0.003) (0.004)

W*R&D dum. 0.191** 0.037 0.191** 0.037
(0.086) (0.096) (0.086) (0.096)

W*No-R&D dum. 0.371*** 0.363*** 0.371*** 0.363***
(0.009) (0.021) (0.009) (0.021)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. No No No No No No No No
R squared 0.977 0.664 0.983 0.729 0.977 0.664 0.983 0.729
No of total obs 25,970 25,970 25,970 25,970 25,970 25,970 25,970 25,970
No of R&D RU 1,464 1,464 1,464 1,464 1,464 1,464 1,464 1,464
p-values for the tests of equal:

βRU
R (irreg.=reg. R&D) 0.759 0.857 0.885 0.836 0.763 0.859 0.883 0.837

βROG
R (irreg.=reg. R&D) 0.386 0.566 0.724 0.642 0.402 0.574 0.735 0.642

βROG
R (irreg.=reg.=no-R&D) 0.518 0.846 0.889 0.897 0.520 0.850 0.889 0.898

βL (positive R&D=no-R&D) 0.006 0.871 0.001 0.009 0.005 0.874 0.001 0.009

βM (positive R&D=no-R&D) 0.310 0.290 0.051 0.800 0.310 0.284 0.051 0.800

βK (positive R&D=no-R&D) 0.502 0.116 0.163 0.050 0.510 0.113 0.165 0.050
Same footnotes as for Table 14 apply.
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Using this crude measure of external R&D that is along the lines of Bernstein and Nadiri (1989),

there does not appear to be a significant productivity effect of R&D external to the firm. Allowing

for a more flexible specification with the external R&D measure varying between R&D and no-R&D

reporting units does not find significant effects in either, with p-values for the test of equal coefficients

of 0.843 when the measure of external R&D uses group level weights and 0.743 when this measure

uses reporting unit level weights (Columns (OLS20a) and (OLS20b)). The inclusion of the external

R&D measure does not affect the estimates of elasticity of output with respect to the reporting unit’s

own R&D and R&D done elsewhere in the group.

Given the desirable properties of spillover measures established in BSV, the Jaffe (1986) distance

measure may be preferable to the basic sector level R&D aggregates which do not reflect the inter-

actions between firms. For this large sample which includes groups without any R&D operation, the

productivity effects of R&D external to the firms can only be quantified using the distribution of

employment across different sectors. Sectors of R&D activity which allows for the construction of the

Jaffe (1986) measure of external R&D is only available for the long form recipients, and this dimension

will be explored on Sub-sample C in Section 5.5. Table 16 presents the results from a specification

which includes a variable that captures R&D done by product market rivals to explore the effect of

any interaction in product space on productivity.

In Table 16, in Column (OLS20b) the OLS coefficient on the measure of external R&D is positive

and significant when the ‘production profile of the reporting unit’ (in the right hand panel of the

table) is used to construct this metric, with a magnitude of 0.2 percent. The inclusion of reporting

unit fixed effects in Column (FE20b) increases the variance of the estimate and the coefficient is no

longer significant, but it is still positive. If group level production profiles are used to measure external

R&D, no effect of external R&D can be observed on productivity. This is in line with the importance

of the reporting unit level measure in the elasticity of output with respect to the reporting unit’s own

R&D. Elasticity of output with respect to the reporting unit’s own R&D and other input elasticities

are estimated with similar magnitudes, signs and significance as in Table 14.

5.5 Measures of external R&D on the long form sample

Section 4 discussed the advantages of BERD long form information, which provides breakdowns

of R&D activity within firms or reporting units for constructing the technology spillover measure

developed by Jaffe (1986) and discussed in BSV. Using Sub-sample C and the BERD long form

information, it is possible to estimate the specification derived by the theoretical model in BSV

and apply to the BERD-ARD data. In this section, I first present the results from the preferred

specification used in the regressions in Table 14 applied to Sub-sample C to demonstrate the differences

between Sub-sample B and Sub-sample C. I then introduce the crude measures of external R&D based
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Table 16: Sub-sample B, introduction of the Jaffe measure for external R&D

Jaffe product market: wgt. by emp. shares at group level wgt. by emp. shares at rep. unit level
OLS19a FE19a OLS20a FE20a OLS19b FE19b OLS20b FE20b

L*R&D dum. 0.228*** 0.168*** 0.283*** 0.198*** 0.226*** 0.166*** 0.282*** 0.197***
(0.019) (0.054) (0.027) (0.076) (0.019) (0.054) (0.027) (0.076)

L*No-R&D dum. 0.281*** 0.178*** 0.371*** 0.404*** 0.279*** 0.178*** 0.370*** 0.404***
(0.005) (0.017) (0.004) (0.021) (0.005) (0.017) (0.004) (0.021)

M*R&D dum. 0.641*** 0.480*** 0.584*** 0.466*** 0.637*** 0.479*** 0.581*** 0.465***
(0.023) (0.057) (0.023) (0.058) (0.023) (0.058) (0.023) (0.058)

M*No-R&D dum. 0.618*** 0.543*** 0.538*** 0.450*** 0.616*** 0.544*** 0.537*** 0.450***
(0.007) (0.019) (0.007) (0.017) (0.007) (0.019) (0.007) (0.017)

K*R&D dum. 0.107*** 0.116*** 0.105*** 0.101** 0.109*** 0.118*** 0.106*** 0.102**
(0.018) (0.041) (0.020) (0.041) (0.018) (0.042) (0.020) (0.041)

K*No-R&D dum. 0.095*** 0.047*** 0.077*** 0.017 0.096*** 0.046*** 0.078*** 0.016
(0.007) (0.018) (0.006) (0.016) (0.007) (0.018) (0.006) (0.016)

Rep. unit R * 0.024*** 0.007 0.021*** 0.008 0.024*** 0.007 0.021*** 0.007
irregular R&D dum. (0.007) (0.009) (0.006) (0.009) (0.007) (0.009) (0.006) (0.009)

Rep. unit R * 0.022*** 0.020 0.022*** 0.022 0.022*** 0.019 0.022*** 0.022
regular R&D dum. (0.004) (0.069) (0.004) (0.069) (0.004) (0.070) (0.004) (0.069)

Rest of group R&D * 0.004 -0.003 0.005 -0.003 0.005 -0.003 0.005* -0.003
irregular R&D dum. (0.004) (0.008) (0.003) (0.008) (0.004) (0.008) (0.003) (0.008)

Rest of group R&D * 0.010* 0.004 0.007 0.003 0.009* 0.004 0.007 0.003
regular R&D dum. (0.006) (0.009) (0.006) (0.009) (0.006) (0.009) (0.006) (0.009)

Rest of group R&D * 0.008*** 0.000 0.007*** -0.001 0.008*** 0.000 0.006*** 0.000
non-R&D dum. (0.001) (0.002) (0.001) (0.002) (0.001) (0.002) (0.001) (0.002)

R&D dummy -0.008 . 0.464* . -0.005 . 0.464* .
(0.087) . (0.261) . (0.088) . (0.261) .

External R&D -0.001 0.002 0.000 0.002 0.003*** 0.013* 0.002*** 0.007
(0.002) (0.002) (0.001) (0.002) (0.001) (0.008) (0.001) (0.008)

W*R&D dum. 0.191** 0.037 0.191** 0.037
(0.086) (0.096) (0.086) (0.096)

W*No-R&D dum. 0.371*** 0.363*** 0.370*** 0.363***
-0.009 -0.021 (0.009) (0.021)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. No No No No No No No No
R squared 0.977 0.664 0.983 0.730 0.977 0.664 0.983 0.73
No of total obs 25,970 25,970 25,970 25,970 25,970 25,970 25,970 25,970
No of R&D RU 1,464 1,464 1,464 1,464 1,464 1,464 1,464 1,464
p-values for the tests of equal:

βRU
R (irreg.=reg. R&D) 0.761 0.859 0.882 0.834 0.856 0.860 0.823 0.835

βROG
R (irreg.=reg. R&D) 0.405 0.581 0.737 0.647 0.513 0.569 0.813 0.640

βROG
R (irreg.=reg.=no-R&D) 0.523 0.856 0.891 0.900 0.683 0.847 0.948 0.896

βL (positive R&D=no-R&D) 0.005 0.861 0.001 0.009 0.006 0.838 0.001 0.009

βM (positive R&D=no-R&D) 0.315 0.292 0.051 0.794 0.366 0.281 0.059 0.806

βK (positive R&D=no-R&D) 0.498 0.120 0.163 0.051 0.471 0.105 0.158 0.047
Same footnotes as for Table 14 apply.
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on aggregate sector BERD, followed by the introduction of Jaffe (1986) product market and technology

spillover measures.

Table 17 shows that the estimated elasticities of output with respect to the traditional inputs

headcount labor, capital and materials are also different from those estimated using Sub-sample B.

Focusing on the third column labeled Column (OLS22), and comparing it with the corresponding

Column (OLS18b) in Table 14 for the reporting units that have had positive R&D in the sample

period, we observe that the coefficient on labor went down from 28 percent in Sub-sample B to 21

percent in Sub-sample C. For the same group, the coefficient on materials decreased from 58 to 53

percent and the coefficient on capital increased by 2 percentage points to 13 percent. The change

in the OLS estimates for the reporting units that continuously reported positive R&D during the

sample period is large in magnitude, from 2.2 percent to 3.3 percent. The p-value for the formal test

of the hypothesis that the coefficients on regular and irregular reporters of positive R&D remains

nevertheless large, at 0.391 and we cannot reject the null hypothesis that the elasticity of output with

respect to the reporting unit’s own R&D is the same for these two groups. Another difference between

Tables 17 and 14 is that the R&D performed by the rest of the enterprise group is no longer significant,

although the magnitude of the estimated coefficient is still in the same ballpark, at 0.6 percent. Since

the sample size is much smaller in Sub-sample C, we may prefer a more parsimonious specification,

imposing the restriction that the elasticities of output with respect to the reporting unit’s own R&D is

the same for irregular and regular spenders in R&D. Additionally, I impose equal coefficients on R&D

performed by the rest of the group for irregular, regular and non-performers of R&D, which is not

rejected in the results presented in Table 17. The choice of which restrictions (out of the hypotheses

that are not rejected in Table 17) are imposed does not make a substantive difference on the results

that are presented in the remaining tables in this section.

Tables 18 and 19 present estimates from specifications that add measures of external R&D to the

regressions presented in Table 17. As before, all measures of R&D external to the firm are weighted

by group level and reporting unit level distribution of activity separately and presented in the left

hand and the right hand panels of the two tables. All inputs are corrected for double counting.

The specification estimated in Table 18 uses the aggregate sector-level R&D as the measure of

external R&D. The aggregate BERD as an input to the production process of each reporting unit i

is calculated as a weighted sum of all external R&D, with the weights determined as the shares of

employment in each of the 33 product fields provided in the local unit information of IDBR. In Table

18, the estimated elasticity of output with respect to external R&D is 2 percent and significant at the

5 percent level in OLS regressions (Column (OLS24a)) with the external R&D weights determined at

the enterprise group level, and insignificant when reporting unit fixed effects are included (Column

(FE24a)) and when the external R&D measure uses weights as employment shares at the reporting

unit level (Columns (OLS23b)-(FE24b)). OLS estimates of own R&D elasticity with R&D measured
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at the reporting unit level are positive and significant at 1 percent level with a magnitude of 2.7

percent, and when R&D is measured as that performed by the rest of the group is positive and

significant at the 10 percent level with a magnitude of 0.5 percent. Elasticities of output with respect

to labor (headcount and quality), materials and capital are estimated with similar signs, magnitudes

and significance as in the case without the inclusion of external R&D measures (Table 17).

Finally, Table 19 presents estimates which are based on the model proposed by BSV, with separate

measures of external R&D included for the effects of R&D performed by neighboring firms in product

market and technology space. Reporting units which themselves have ever performed R&D (in the

sample period) and which have not are accounted for separately and labeled accordingly in the table

as the effects appear to be different for these two types of observations for some of the measures of

external R&D. The variable labeled ‘External R&D, TECH.’ in the table stands for the version of the

Jaffe (1986) measure of external R&D that quantifies the extent of interactions in technology space,

which the theoretical model in BSV predicts to be positive. Similarly, the variable ‘External R&D,

PRD.MKT.’ represents the total R&D performed by neighboring firms in the product market space,

for which BSV is agnostic about the productivity effects.

In the left hand panel of Table 19, where the Jaffe (1986) weights are determined by the dis-

tribution of activity within the enterprise group, the OLS estimate for the productivity of external

R&D performed by neighboring firms in the technology space appears to be positive and marginally

significant, with a magnitude of 2 percent (Columns (OLS26a)). The introduction of reporting unit

level fixed effects reduces this estimate to being insignificant, whereas R&D by product market com-

petitors appear to be marginally significant only after reporting unit fixed effects are introduced. For

reporting units that do not themselves perform R&D, the coefficients on both measures of external

R&D are insignificant. The remaining input elasticities are not affected substantially by the inclusion

of these measures in the regressions.

The right hand panel of Table 19 uses the versions of the Jaffe (1986) weights at the reporting

unit level. Given that almost all the reporting units in this sample only perform R&D in a single

product field, for most of the reporting units, the measure of external R&D by neighboring reporting

units in technology space reduces to the total R&D performed in reporting unit i’s own R&D product

field, net of R&D carried out in that product field by the enterprise group that owns reporting unit

i. The results regarding the measure of external R&D by neighboring reporting units in technology

space (that are outside the reporting unit’s own enterprise group) appear to take on a negative and

significant coefficient, which in turn causes the coefficient on own R&D to increase to 6.5 percent. This

result is puzzling, and a possible explanation relates to the construction of the reporting unit-level

technology spillover measure, where the reporting unit’s own productivity depends on its share of the

total R&D done in a given product field. The larger the reporting unit’s own share in the aggregate

sector-level R&D, the smaller is the productivity effect of external R&D. Using reporting unit level
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R&D totals in each reporting unit’s own product field (without netting out the group’s own R&D

in that field) instead of the Jaffe (1986) measure of external R&D by neighbors in technology space

reverses the sign of this coefficient.

BSV uses a large number of technology classes based on patent data to capture the impact of

R&D that is external to the firms on their own productivity and finds positive effects of R&D done

by neighboring firms in technology space. Additionally, BSV considers the R&D performed in the

whole group which is a closer measure to the one used in the left hand panel of Table 19. Future work

may consider merging patent data to the BERD-ARD data set to explore weighting external R&D by

more detailed technology profiles for patenting firms to construct the Jaffe (1986) measure.
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Table 17: Sub-sample C, results from the preferred specification with double counting
correction

OLS21 FE21 OLS22 FE22
L*R&D dum. 0.173*** 0.189*** 0.206*** 0.186***

(0.029) (0.050) (0.034) (0.063)
L*No-R&D dum. 0.230*** 0.174** 0.283*** 0.205***

(0.020) (0.072) (0.028) (0.079)
M*R&D dum. 0.553*** 0.417*** 0.527*** 0.417***

(0.029) (0.065) (0.030) (0.064)
M*No-R&D dum. 0.684*** 0.672*** 0.636*** 0.613***

(0.028) (0.072) (0.028) (0.075)
K*R&D dum. 0.130*** 0.040 0.125*** 0.042

(0.033) (0.076) (0.034) (0.075)
K*No-R&D dum. 0.075*** -0.006 0.066*** -0.007

(0.024) (0.054) (0.023) (0.054)
Rep. unit R * 0.026*** 0.008 0.025*** 0.009

irregular R&D dum. (0.008) (0.008) (0.007) (0.009)
Rep. unit R * 0.034*** 0.031 0.033*** 0.031

regular R&D dum. (0.011) (0.047) (0.010) (0.047)
Rest of group R&D * 0.011 (0.005) 0.010 (0.004)

irregular R&D dum. (0.009) (0.009) (0.008) (0.009)
Rest of group R&D * 0.007* -0.003 0.005 -0.003

regular R&D dum. (0.004) (0.006) (0.004) (0.006)
Rest of group R&D * 0.011* -0.013 0.007 -0.010

non-R&D dum. (0.006) (0.014) (0.005) (0.013)
R&D dummy 1.228*** . 1.392*** .

(0.295) . (0.375) .
W*R&D dum. 0.102 0.000

(0.069) (0.073)
W*No-R&D dum. 0.190*** 0.110*

(0.063) (0.065)
Year effects Yes Yes Yes Yes
Sector-year eff. No No No No
R squared 0.955 0.668 0.959 0.681
No of total obs 1,765 1,765 1,765 1,765
No of R&D RU 677 677 677 677
p-values for the tests of equal:

βRU
R (irreg.=reg. R&D) 0.343 0.626 0.391 0.635

βROG
R (irreg.=reg. R&D) 0.629 0.893 0.570 0.898

βROG
R (irreg.=reg.=no-R&D) 0.774 0.813 0.821 0.895

βL (positive R&D=no-R&D) 0.089 0.867 0.072 0.856

βM (positive R&D=no-R&D) 0.001 0.008 0.007 0.044

βK (positive R&D=no-R&D) 0.125 0.606 0.109 0.579
Same footnotes as for Table 14 apply.
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Table 18: Sub-sample C, inclusion of aggregate measures of external R&D (preferred
specification with double counting correction)

Aggregate R&D: wgt. by emp. shares at group level wgt. by emp. shares at rep. unit level
OLS23a FE23a OLS24a FE24a OLS23b FE23b OLS24b FE24b

L*R&D dum. 0.175*** 0.190*** 0.209*** 0.188*** 0.173*** 0.190*** 0.206*** 0.187***
(0.029) (0.050) (0.035) (0.062) (0.029) (0.050) (0.035) (0.063)

L*No-R&D dum. 0.231*** 0.172** 0.283*** 0.203** 0.232*** 0.171** 0.285*** 0.202**
(0.020) (0.072) (0.027) (0.079) (0.020) (0.071) (0.028) (0.079)

M*R&D dum. 0.552*** 0.417*** 0.526*** 0.417*** 0.552*** 0.418*** 0.527*** 0.418***
(0.029) (0.066) (0.030) (0.064) (0.029) (0.066) (0.030) (0.065)

M*No-R&D dum. 0.685*** 0.673*** 0.638*** 0.613*** 0.683*** 0.673*** 0.635*** 0.613***
(0.027) (0.072) (0.027) (0.075) (0.028) (0.073) (0.028) (0.075)

K*R&D dum. 0.133*** 0.038 0.128*** 0.041 0.134*** 0.04 0.129*** 0.042
(0.033) (0.074) (0.034) (0.073) (0.033) (0.075) (0.034) (0.074)

K*No-R&D dum. 0.074*** -0.005 0.065*** -0.007 0.076*** -0.004 0.067*** -0.005
(0.023) (0.054) (0.023) (0.054) (0.024) (0.054) (0.023) (0.055)

Rep. unit R 0.029*** 0.009 0.027*** 0.01 0.029*** 0.009 0.027*** 0.01
(0.005) (0.008) (0.005) (0.008) (0.005) (0.008) (0.005) (0.008)

Rest of group R&D 0.007** -0.003 0.005* -0.003 0.007** -0.004 0.005* -0.003
(0.003) (0.005) (0.003) (0.005) (0.003) (0.005) (0.003) (0.005)

R&D dummy 1.198*** . 1.385*** . 1.207*** . 1.396*** .
(0.281) . (0.379) . (0.280) . (0.378) .

External R&D (E) 0.021** 0.008 0.020** 0.009 -0.006 -0.003 -0.004 -0.003
(0.011) (0.019) (0.009) (0.019) (0.005) (0.004) (0.004) (0.004)

W*R&D dum. 0.103 -0.001 0.102 -0.001
(0.069) (0.074) (0.069) (0.074)

W*No-R&D dum. 0.190*** 0.111* 0.191*** 0.111*
(0.062) (0.065) (0.063) (0.065)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. No No No No No No No No
R squared 0.955 0.668 0.959 0.680 0.955 0.668 0.959 0.68
No of total obs 1,765 1,765 1,765 1,765 1,765 1,765 1,765 1,765
No of R&D RU 677 677 677 677 677 677 677 677
p-values for the tests of equal:

βE (positive R&D=no-R&D) 0.869 0.495 0.943 0.426 0.321 0.905 0.333 0.791

βL (positive R&D=no-R&D) 0.102 0.826 0.080 0.877 0.083 0.826 0.067 0.878

βM (positive R&D=no-R&D) 0.001 0.008 0.005 0.045 0.001 0.008 0.007 0.047

βK (positive R&D=no-R&D) 0.096 0.618 0.089 0.584 0.106 0.619 0.096 0.586
Same footnotes as for Table 14 apply.
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Table 19: Sub-sample C, inclusion of Jaffe (1986) measures of external R&D (preferred
specification with double counting correction)

Jaffe (1986) weights: wgt. by activity at group level wgt. by activity at rep. unit level
OLS25a FE25a OLS26a FE26a OLS25b FE25b OLS26b FE26b

L*R&D dum. 0.176*** 0.191*** 0.208*** 0.188*** 0.169*** 0.188*** 0.200*** 0.186***
(0.030) (0.050) (0.034) (0.063) (0.028) (0.051) (0.033) (0.064)

L*No-R&D dum. 0.231*** 0.168** 0.284*** 0.199** 0.233*** 0.172** 0.286*** 0.203**
(0.020) (0.072) (0.028) (0.079) (0.020) (0.072) (0.028) (0.079)

M*R&D dum. 0.551*** 0.421*** 0.526*** 0.421*** 0.554*** 0.416*** 0.531*** 0.416***
(0.029) (0.066) (0.031) (0.065) (0.029) (0.065) (0.030) (0.063)

M*No-R&D dum. 0.685*** 0.677*** 0.637*** 0.616*** 0.683*** 0.673*** 0.635*** 0.613***
(0.028) (0.073) (0.028) (0.076) (0.028) (0.073) (0.028) (0.076)

K*R&D dum. 0.134*** 0.033 0.129*** 0.036 0.122*** 0.035 0.118*** 0.038
(0.033) (0.073) (0.034) (0.073) (0.033) (0.075) (0.033) (0.075)

K*No-R&D dum. 0.075*** -0.005 0.067*** -0.007 0.073*** -0.005 0.064*** -0.007
(0.024) (0.054) (0.023) (0.055) (0.024) (0.053) (0.023) (0.053)

Rep. unit R 0.028*** 0.008 0.026*** 0.009 0.070*** 0.037 0.065*** 0.037
(0.005) (0.008) (0.005) (0.008) (0.016) (0.033) (0.016) (0.033)

Rest of group R&D 0.006* -0.004 0.004 -0.004 0.005* -0.004 0.004 -0.004
(0.003) (0.005) (0.003) (0.005) (0.003) (0.005) (0.003) (0.005)

R&D dummy 0.934*** . 1.122*** . 1.303*** . 1.508*** .
(0.358) . (0.388) . (0.305) . (0.389) .

External R&D (E), TECH. * 0.022* -0.002 0.020* -0.002 -0.031*** -0.020 -0.029** -0.019
positive R&D dum. (0.012) (0.015) (0.012) (0.015) (0.011) (0.021) (0.011) (0.021)

External R&D (E), TECH. * 0.003 0.005 0.003 0.006 . . . .
non-R&D dum. (0.005) (0.006) (0.005) (0.005) . . . .

External R&D (E), PRD.MKT. * 0.01 0.020* 0.006 0.020* 0.006 0.000 0.006 0.000
positive R&D dum. (0.012) (0.011) (0.012) (0.011) (0.007) (0.004) (0.007) (0.004)

External R&D (E), PRD.MKT. * 0.009 0.000 0.003 0.004 0.001 -0.001 0.002 -0.001
non-R&D dum. (0.008) (0.008) (0.008) (0.008) (0.003) (0.003) (0.003) (0.003)

W*R&D dum. 0.100 0.000 0.093 -0.001
(0.068) (0.072) (0.066) (0.073)

W*No-R&D dum. 0.190*** 0.112* 0.192*** 0.111*
(0.063) (0.065) (0.063) (0.065)

Year effects Yes Yes Yes Yes Yes Yes Yes Yes
Sector-year eff. No No No No No No No No
R squared 0.955 0.669 0.959 0.682 0.956 0.669 0.96 0.682
No of total obs 1,765 1,765 1,765 1,765 1,765 1,765 1,765 1,765
No of R&D RU 677 677 677 677 677 677 677 677
p-values for the tests of equal:

βT ECH.
E (pos.R&D=no-R&D) 0.130 0.646 0.168 0.586 0.007 0.356 0.011 0.368

βP RD.M.
E (pos.R&D=no-R&D) 0.954 0.147 0.840 0.223 0.576 0.872 0.546 0.846

βL (positive R&D=no-R&D) 0.114 0.786 0.078 0.917 0.054 0.848 0.041 0.861

βM (positive R&D=no-R&D) 0.001 0.008 0.007 0.049 0.001 0.007 0.008 0.043

βK (positive R&D=no-R&D) 0.107 0.661 0.097 0.620 0.159 0.648 0.133 0.615
Same footnotes as for Table 14 apply.
Jaffe (1986) TECH. measure applies weights according to distribution of activity across R&D product fields.
Jaffe (1986) PRD.MKT. measure applies weights according to distribution of employment across product fields obtained from SIC sectors in IDBR.
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6 Conclusion

This paper has presented basic static production function estimates using micro level data on UK

manufacturing reporting units’ production and R&D information from ARD and BERD data sets over

a period of 11 years. There are three main contributions of the paper. First, the detailed information

in the BERD data set on the breakdown of current spending on R&D enabled the estimation of

the production function after having corrected the measurement of traditional inputs for the double-

counting of R&D labor (headcount and quality) and materials. This has been shown to result in

higher magnitude and significance of the own R&D elasticity estimates, and smaller magnitudes of

the coefficients on headcount labor and labor quality (average wage). Additionally, input elasticities

have shown a considerable degree of heterogeneity across reporting units which themselves perform

R&D and those that are production-only.

Second, I provide evidence that R&D performed by the other members of the enterprise group has

productivity effects for the production-only facilities that belong to groups with some R&D activity.

Exploring the differences in input elasticities across positive R&D reporting units and production-only

facilities support that both the elasticities of output with respect to the traditional inputs and with

respect to the enterprise group’s own R&D differ across these two types of reporting units. In a

comparison between the informativeness of the group’s total R&D and the reporting unit’s R&D, the

latter seems to be more informative for the productivity of the reporting units that themselves carry

out R&D activities.

Third, the information from BERD long forms on the fields of R&D activity and the local unit

detailed manufacturing product group information on the breakdown of employment to product groups

proved to be useful resources to consider state-of-the-art spillover measures recently developed by

Bloom et al. (2013) based on the seminal work of Jaffe (1986). The results from the analysis on the

measures of external R&D with the Bloom et al. (2013)/Jaffe (1986) weights pointed at a positive

and significant effect of R&D performed by neighboring firms in the technology space on the reporting

unit’s own output when the enterprise group level measures of R&D external to the firm have been

used, but future work may address the mixed results from regressions which use reporting unit-level

weights for the same measures.

The OLS and FE estimates of gross output production functions with the traditional labor (head-

count and quality adjustment), capital and materials inputs yielded elasticity point estimates that

are positive and significant and with magnitudes in the ballpark of the relevant cost shares of these

factors. An important aspect of this specification was the inclusion of the average wage variable as

a proxy for labor quality, which is ignored in many studies. The inclusion of the firms’ or reporting

units’ own R&D input did not change the magnitude or significance of these coefficients substantially,

and resulted in modest in magnitude but statistically significant estimates of the elasticity of output
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with respect to the firms’ or reporting unit’s own R&D input, at an order of magnitude around 0.6

percent. The double-counting correction for labor and materials allowed the elasticity estimates with

respect to the reporting unit’s own R&D input to increase up to 3 percent for the positive R&D

reporting units, reducing the magnitudes of the estimated coefficients on headcount labor and average

wage. In the absence of the average wage variable, the coefficient on the variable for the reporting

unit’s own R&D seemed to capture the effect of this variable, causing the productivity of R&D to be

overestimated. For the production-only facilities, the elasticity of output with respect to the rest of

the group’s R&D was estimated to be up to 0.6 percent after the double counting correction.

142



A Data appendix

A.1 Data cleaning

Before any merges with the BERD data, all the ARD observations with missing or zero employ-

ment and intermediate inputs, missing capital expenditure information and negative gross output were

removed from the data set (first cleaning step in Table 20). The capital stock values were constructed

using the perpetual inventory method, from net capital expenditure data and assuming a depreciation

rate of 6 percent. The construction of the capital stock required that the same reporting unit be

followed over continuous time spells of at least two periods (second cleaning step). If there are gaps

between groups of consecutive observations for a reporting unit, then the longest spell of consecutive

observations is kept in the data set, while the others are removed. In the third cleaning step, the

following observations are dropped: if materials, labor costs or headcount employment is zero or miss-

ing; if the observation lies in the 1st and 99th percentile of capital stock (this removes any negatives),

and gross output; if cost shares of materials or labor exceed unity, and the bottom 1st percentile

observations for these ratios; the bottom percentile of the ‘remainder’ capital cost share obtained by

subtracting the labor and materials cost shares from unity. If the growth rate of labor costs, materials,

capital stock or gross output is greater than 3 or less than -3 in any period, the whole reporting unit

is dropped. In the fourth cleaning step, observations that have missing ‘beginning-of-period (lagged)’

capital are dropped and finally, the fifth cleaning step removes any enterprise groups that have any

imputed information on R&D. Enterprise groups which have no connection to an R&D performing

reporting unit have been kept in the data set.

The number of reporting units in each period for these data cleaning steps can be found in Table

20.

Before any cleaning, ARD-BERD matches in terms of the number of reporting units merged on

the reporting unit reference or the enterprise group reference can be observed in Table 21. After the

cleaning steps described above, the number of matched observations in the same way drops, and the

revised number of observations after cleaning is presented in Table 22.

For the construction of the R&D capital stock, there is a stricter requirement that a match needs

to take place between a continuously sampled BERD and a continuously sampled ARD reporting unit.

Table 22 allows for gaps in R&D spending, considering that the enterprise group level R&D flow is

used instead of the stock variable in the main analysis.

A.2 Variables

A few alternatives are available in the ARD data set for the input and output variables and the

choice of variables in the preferred specifications depended on data quality. Some of the variables
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Table 20: Number of observations after data cleaning steps for ARD reporting units

ARD Cleaning Cleaning Cleaning Cleaning Cleaning Cleaning
manufacturing Step I Step II Step III Step IV Step V Step VI

1997 12,080 11,873 5,460 4,711
1998 12,581 12,256 7,473 6,185 4,239 3,348 2,682
1999 12,427 12,093 8,171 6,659 4,325 3,857 3,231
2000 12,250 11,937 7,949 6,433 4,220 3,562 2,943
2001 12,868 12,616 8,058 6,539 4,133 3,631 3,043
2002 11,839 11,611 7,573 6,226 4,298 3,385 2,828
2003 11,576 11,371 7,168 5,870 4,013 3,417 2,930
2004 11,219 11,018 6,702 5,443 3,899 3,254 2,785
2005 10,661 10,177 6,026 4,761 3,361 2,632 2,265
2006 9,619 9,308 5,213 4,022 2,822 2,126 1,766
2007 7,624 7,494 4,270 3,309 2,519 1,868 1,549
2008 6,904 6,637 2,373 1,765 1,594 1,274 1,016
Total 131,648 128,391 76,436 61,923 39,423 32,354 27,038

Table 21: Continuously sampled manufacturing ARD matched with BERD

All, matched on: Non-imputed, matched on: Long form, matched on:
period rep.unit ent. group rep.unit ent. group rep.unit ent. group
1997 983 1,891 434 1,185 110 488
1998 1,876 2,919 651 1,540 119 563
1999 1,657 2,752 867 1,772 141 554
2000 1,826 2,859 836 1,740 141 536
2001 1,539 2,538 716 1,529 147 549
2002 2,008 2,855 686 1,386 145 471
2003 1,518 2,321 666 1,342 118 411
2004 1,743 2,427 813 1,399 118 388
2005 1,659 2,209 635 1,114 124 338
2006 1,635 2,140 571 960 126 320
2007 1,512 1,972 558 913 114 288
2008 839 1,162 391 629 96 229
Total 18,795 28,045 7,824 15,509 1,499 5,135

available in the ARD which are relevant for the production function estimation context are listed

below, and an asterisk (*) indicates the variables which were used in the main gross output production

functions, or in the construction of these variables. Variable definitions and some notes are included

for information.

go(*): gross output, obtained by adding total turnover with end of period net of beginning of

period stocks of finished goods and materials.

gva mp: gross value added at market prices, obtained by adding total turnover with the total

value of all beginning of period value of stocks of goods and materials including work in progress,

capital work by own staff, value of insurance claims received less total purchases of goods, materials
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Table 22: Number of reporting units in the clean ARD data set after cleaning step IV
matched with BERD

All, matched on: Non-imputed, matched on: Long form, matched on:
period rep.unit ent. group rep.unit ent. group rep.unit ent. group
1998 1,339 1,983 448 1,034 57 331
1999 1,010 1,641 542 1,055 58 274
2000 1,199 1,757 541 1,046 56 252
2001 959 1,537 457 933 78 293
2002 1,357 1,843 444 870 74 263
2003 1,048 1,516 452 872 60 238
2004 1,223 1,649 578 946 54 206
2005 1,136 1,468 407 729 59 181
2006 1,045 1,326 349 571 60 177
2007 997 1,263 346 561 45 140
2008 572 774 252 399 44 121
Total 11,885 16,757 4,816 9,016 645 2,476

and services.

gva fc: sum of gva mp and subsidies received from the UK government and the European

Commission, less total taxes, duties, levies net of excise drawback

idbr to: turnover, based on IDBR records.

to: total turnover reported in the ABI return.

ncapex(*): net capital expenditure, with a breakdown into plant and machinery (ncapex pm),

buildings (ncapex b) and vehicles (ncapex v).

totpurch(*): total purchases of goods, materials and services.

empment(*): total employment, based on IDBR records.

totlabcost(*): total employment costs, including insurance payments.

matfuel: purchases of energy and water products and purchases of goods and materials for own

consumption.

matpurch: purchases of goods and materials for own consumption. This variable includes fuels

and electricity, but excludes business services.

A.3 Initial values for physical capital

Apportioning an estimate for aggregate capital stock to individual reporting units is one way of

obtaining a proxy for initial capital stock values. Volume Index of Capital Services (VICS) is a publicly

available sector and asset-level data set which measures the capital input into the production process.

It provides information on aggregate gross fixed capital formation (GFCF), net stock of capital goods

by asset types (plant and machinery, buildings, vehicles) and the implied deflators obtained by dividing

the current price GFCF by the constant price GFCF. Various ONS studies support that VICS is an
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appropriate source for capital stock data to conduct productivity analyses26.

Initial capital calculations involve apportioning the net capital stock provided in the aggregate

VICS tables to the individual reporting units using each reporting unit’s share of materials and services

purchases totpurch to the total materials and services purchases within their respective two digit

SIC sector. Any other variable than materials and services purchases may be selected, based on the

distribution of the ratio of this variable to capital across firms within a given sector. The share of

firm i’s material use in total in its two digit sector category is:

m0si
= xsi∑

i∈As
xsi

(15)

where x is the variable that captures the purchases of materials and fuel, and As is the set of all

observations in sector s.

Since the ARD is a stratified sample of small and medium sized enterprises, the total capital

represented by the observations in our sample constitutes only part of the aggregate capital stock.

If the total aggregate capital stock is apportioned to the enterprises in the sample without taking

unsampled observations into consideration, the initial capital stock values will be over-estimated.

Consequently, the aggregate data is scaled to reflect the sample more closely by assuming that the

share of the sample’s total capital stock to the aggregate capital from VICS in a given sector is

proportional to the share of investment in the sample to the aggregate investment by the firms in that

sector category in a given period.

The VICS data sets are available in 2005 prices. In order to conform to the remaining variables

in the productivity estimation stages, all values have been converted to 1997 prices. The rebasing was

carried out using the deflator sheet which was made available along with the VICS data sets.

A.4 Deflators

Output deflators have been extracted from the producer price index (PPI) series by the ONS for

sectors at the four digit level. When the index for the relevant four digit sector is not available, the

corresponding three digit sector’s output price index has been used. When the PPI for neither four,

nor three digit sectors are available, then the two digit sector deflators are used. If a mapping between

the sector in the data set and the ONS PPI series cannot be found, the overall manufacturing sector

PPI for outputs produced in the UK are used.

In the same PPI release as for the output price indices, information on the prices of materials and

fuel input is available. A similar procedure to that for the output price deflators has been used to

map the reporting units in the ARD data set with their corresponding deflator series.

26See, for instance, Appleton and Wallis (2011), Gilhooly (2009)
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Labor input deflators have been constructed using the Annual Survey of Hours and Earnings data

from the ONS, which is available for the period 1997-2013. Mean and median weekly earnings for

each two-digit sector category is available for all years, while mean and median annual earnings are

available from 1999 onwards. We therefore use the median weekly earnings averaged over the year as

the index for labor input. The earnings information uses SIC 1992 for the period 1997-2001, SIC 2003

for the period 2002-2007, and SIC 2007 for the period 2008-2009. The conversion for two-digit sectors

between the different classifications can be obtained in a rather straightforward manner, whereas this

is not possible for four-digit sectors. For this reason, a two-digit sector index has been created and

used to deflate the labor input.
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B Sector classifications

02T01M

  1/07

G
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02T01N

  1/07

 

This table has been provided by the UK Data Service as part of the information on BERD 2006

Survey Questionnaire in the guidance notes for Study 6690. This information can be found online at

http://doc.ukdataservice.ac.uk/doc/6690/mrdoc/pdf/6690questionnaires.pdf

149



References
Abramovsky, L. and Simpson, H. (2011). Geographic proximity and firm–university innovation link-

ages: evidence from Great Britain. Journal of Economic Geography, 11(6):949–977.

Ackerberg, D., Caves, K., and Frazer, G. (2006). Structural identification of production functions.
Technical report, Working Paper.

Adams, J. D. (1990). Fundamental stocks of knowledge and productivity growth. Journal of Political
Economy, 98(4):pp. 673–702.

Adams, J. D. and Jaffe, A. B. (1996). Bounding the Effects of R&D: An Investigation Using Matched
Establishment-Firm Data. RAND Journal of Economics, 27(4):700–721.

Appleton, J. and Wallis, G. (2011). Volume of capital services: new annual and quarterly estimates
for 1950 to 2009. Economic and Labour Market Review, 5(5):46–66.

Bernstein, J. I. and Mamuneas, T. P. (2006). R&D depreciation, stocks, user costs and productivity
growth for US R&D intensive industries. Structural Change and Economic Dynamics, 17(1):70–98.

Bernstein, J. I. and Nadiri, M. I. (1989). Research and Development and Intra-industry Spillovers:
An Empirical Application of Dynamic Duality. Review of Economic Studies, 56(2):249–67.

Bloom, N., Schankerman, M., and Van Reenen, J. (2013). Identifying technology spillovers and
product market rivalry. Econometrica, 81(4):1347–1393.

Blundell, R. and Bond, S. (1998). Initial conditions and moment restrictions in dynamic panel data
models. Journal of Econometrics, 87(1):115–143.

Bond, S., Harhoff, D., and Reenen, J. V. (2003). Corporate R&D and productivity in Germany and
the United Kingdom. CEP Discussion Papers dp0599, Centre for Economic Performance, LSE.

Burbidge, J. B., Magee, L., and Robb, A. L. (1988). Alternative transformations to handle extreme
values of the dependent variable. Journal of the American Statistical Association, 83(401):pp.
123–127.

Crepon, B., Duguet, E., and Mairesse, J. (1998). Research, innovation, and productivity: An econo-
metric analysis at the firm level. NBER Working Papers 6696, National Bureau of Economic
Research, Inc.

Crespi, G., Criscuolo, C., Haskel, J. E., and Slaughter, M. (2008). Productivity Growth, Knowledge
Flows, and Spillovers. NBER Working Papers 13959, National Bureau of Economic Research, Inc.

Criscuolo, C. and Martin, R. (2009). Multinationals and U.S. Productivity Leadership: Evidence from
Great Britain. The Review of Economics and Statistics, 91(2):263–281.

Disney, R., Haskel, J., and Heden, Y. (2003). Restructuring and productivity growth in uk manufac-
turing. Economic Journal, 113(489):666–694.

Doraszelski, U. and Jaumandreu, J. (2013). R&D and Productivity: Estimating Endogenous Produc-
tivity. Review of Economic Studies, 80(4):1338–1383.

Gilhooly, R. (2009). Technical guide: Estimating capital stock. Technical report, Office for National
Statistics Virtual Micro Data Laboratory.

Griffith, R. (1999). Using the ARD Establishment Level Data to Look at Foreign Ownership and
Productivity in the United Kingdom. Economic Journal, 109(456):F416–42.

Griliches, Z. (1979). Issues in assessing the contribution of research and development to productivity
growth. Bell Journal of Economics, 10(1):92–116.

Griliches, Z. and Mairesse, J. (1984). Productivity and R&D at the firm level. In R&D, Patents, and
Productivity, NBER Chapters, pages 339–374. National Bureau of Economic Research, Inc.

150



Hall, B. H. (2010). Measuring the Returns to R&D: The Depreciation Problem. In Contributions in
Memory of Zvi Griliches, NBER Chapters, pages 341–381. National Bureau of Economic Research,
Inc.

Hall, B. H. and Mairesse, J. (1995). Exploring the relationship between R&D and productivity in
french manufacturing firms. Journal of Econometrics, 65(1):263–293.

Hall, B. H., Mairesse, J., and Mohnen, P. (2009). Measuring the returns to R&D. Working Paper
15622, National Bureau of Economic Research.

Harris, R. and Li, Q. C. (2009). Exporting, R&D, and absorptive capacity in UK establishments.
Oxford Economic Papers, 61(1):74–103.

Harris, R., Li, Q. C., and Trainor, M. (2009). Is a higher rate of R&D tax credit a panacea for low
levels of R&D in disadvantaged regions? Research Policy, 38(1):192–205.

Harris, R. and Moffat, J. (2011). Plant-level Determinants of Total Factor Productivity in Great
Britain, 1997-2006. SERC Discussion Papers 0064, Spatial Economics Research Centre, LSE.

Harris, R. and Robinson, C. (2003). Foreign Ownership and Productivity in the United Kingdom
Estimates for U.K. Manufacturing Using the ARD. Review of Industrial Organization, 22(3):207–
223.

Harris, R. and Trainor, M. (2005). Plant-Level Analysis Using The Ard: Another Look At Gibrat’S
Law. Scottish Journal of Political Economy, 52(3):492–518.

Jaffe, A. B. (1986). Technological Opportunity and Spillovers of R&D: Evidence from Firms’ Patents,
Profits, and Market Value. American Economic Review, 76(5):984–1001.

Jaumandreu, J. and Mairesse, J. (2010). Innovation and welfare: Results from joint estimation of
production and demand functions. NBER Working Papers 16221, National Bureau of Economic
Research, Inc.

Jorgenson, D. W. (1986). Chapter 31 econometric methods for modeling producer behavior. In
Griliches, Z. and Intriligator, M. D., editors, Handbook of Econometrics, volume 3 of Handbook of
Econometrics, pages 1841 – 1915. Elsevier.

Klette, T. J. (1996). R&D, Scope Economies, and Plant Performance. RAND Journal of Economics,
27(3):502–522.

Klette, T. J. and Griliches, Z. (1996). The Inconsistency of Common Scale Estimators When Output
Prices Are Unobserved and Endogenous. Journal of Applied Econometrics, 11(4):343–61.

Marschak, J. and Andrews, William H., J. (1944). Random simultaneous equations and the theory of
production. Econometrica, 12(3/4):143–205.

Martin, R. (2002). Building the capital stock. Technical report, CeRiBA.

Pakes, A. and Schankerman, M. (1984). The Rate of Obsolescence of Patents, Research Gestation
Lags, and the Private Rate of Return to Research Resources. In R & D, Patents, and Productivity,
NBER Chapters, pages 73–88. National Bureau of Economic Research, Inc.

Rogers, M. (2006). Estimating the impact of R&D on productivity using the BERD-ARD data*.
Technical report, Department of Trade and Industry.

Rogers, M. (2010). R&D and productivity: using uk firm-level data to inform policy. Empirica,
37(3):329–359.

Schankerman, M. (1981). The effects of double-counting and expensing on the measured returns to
R&D. The Review of Economics and Statistics, 63(3):pp. 454–458.

Sena, V. and Higon, D. A. (2012). Productivity, r&d spillovers and educational attainment*. Oxford
Bulletin of Economics and Statistics, 76(1):1–23.

151



Terleckyj, N. E. (1980). New Developments in Productivity Measurement, chapter Direct and Indirect
Effects of Industrial Research and Development on the Productivity Growth of Industries, pages
357–386. National Bureau of Economic Research, Inc.

Datasets:

Office for National Statistics, Business Expenditure on Research and Development, 1994-2008:
Secure Data Service Access. Colchester, Essex: UK Data Archive, March 2011.
SN: 6690, http://dx.doi.org/10.5255/UKDA-SN-6690-1

Office for National Statistics, Business Structure Database, 1997-2011: Secure Data Service Ac-
cess. 3rd Edition. Colchester, Essex: UK Data Archive, October 2012.
SN: 6697, http://dx.doi.org/10.5255/UKDA-SN-6697-3

Office for National Statistics, Annual Respondents Database, 1973-2009: Secure Data Service
Access. 3rd Edition. Colchester, Essex: UK Data Archive, June 2012.
SN: 6644, http://dx.doi.org/10.5255/UKDA-SN-6644-3

152



Chapter 4
Conclusion

In this thesis, I explored the effectiveness of tax incentives on stimulating private

R&D, followed by a discussion of the relationship between R&D spending with pro-

ductivity in manufacturing sectors, and presented estimates of the elasticity of output

with respect to the R&D input. R&D input in this context meant both the in-house

R&D conducted by one or more units within the firm and also the R&D that is carried

out by neighboring firms in technology and product space.

The quasi-experiments in Chapter 1 and Chapter 2 both found a significant posi-

tive effect of tax incentives on private R&D spending. In Chapter 1, using the BERD

repeated cross-section data, I found that the enterprises which became eligible for the

R&D Tax Relief for Large Companies in 2002 increased their R&D spending by around

18 percent in comparison to the control group, whose eligibility did not change through-

out the sample period. The increase in R&D spending by the treated enterprises has

been found to be permanent and close to full effect was materialized shortly after the

introduction of the policy. I presented robustness checks for the difference-in-difference

estimates to the possible anticipation effects which may have arisen because of the

early announcement of the policy. I found that the results are robust to the removal of

the years after the announcement of the policy and before its implementation. Sector-

specific difference-in-differences coefficients did not seem to differ significantly from

each other, possibly suggesting that broad-based policies are equally effective for high

tech and low tech sectors. At the same time, this pattern may have been observed

because of the small number of observations that fall in each of the sectors.

It is possible to translate the difference-in-difference estimates to a user cost elas-

ticity and compare them with the estimates from structural models in the existing
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literature. In Chapter 1, I explained the assumptions that underlie such conversion.

The 18 percent differential increase in R&D spending by the treated firms found in

Chapter 1 roughly translates to a user cost elasticity of around -1.4, which is a little

larger in magnitude than the structural estimates found in the literature. I argue that

because of a possible simultaneity bias between tax price and R&D, we may expect

to observe point estimates that are larger in magnitude when we are better able to

identify the impact of the tax incentive policy through a quasi-experimental set up as

the ones provided in Chapter 1 and Chapter 2 of this thesis. The simultaneity arises

because companies can reduce their tax liability by spending more on R&D and move

to a lower statutory tax bracket.

In Chapter 2, we found that the companies whose status changed from large to

SME for the purpose of the R&D Tax Relief, and hence who became eligible for a

more generous tax incentive increased their R&D intensity by around 12 percentage

points, amounting roughly to a doubling of R&D intensity for the treated firms. Both

the policy set up and the data used in Chapter 2 has several advantages over that

available in Chapter 1. First of all, Chapter 2 used the universe of corporation tax

returns, and we were able to observe both the claimants of the R&D Tax Relief and

their precise tax positions, which is a data set that had never been used before in the

R&D context. Second, we were able to observe the same companies over time, which

allowed us to exploit the panel dimension of the data set. Third, the policy reform

of interest took place 6 years after the implementation of the large company scheme,

leaving an adequate amount of time for learning and take up. Anecdotal evidence from

HM Treasury and HMRC consultation meetings and our discussions with claimants

supported this view. Further work on this topic may make more use of the corporation

tax returns data and explore where in the distribution of R&D activity the largest

effect is observed. Preliminary work in this area finds that the largest spenders in

R&D are the ones that benefit the most from more generous tax incentives.

In both Chapter 1 and Chapter 2, for comparability between treatment and con-

trol groups, estimation samples have been limited to the narrow size bands defined

around the eligibility threshold for the SME scheme. The size bands were determined
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with the aim of meeting the common trends assumption required for identification in

difference-in-differences, which then resulted in sample sizes that are relatively small,

hence lowering the power of detecting the effect of the policy. In Chapter 1, the strati-

fied sampling procedure of the BERD data set in the size bands of interest was another

reason for having a smaller sample size than would have been desirable. In Chapter 2,

the data is available on all beneficiaries of the R&D tax incentives, but the corpora-

tion tax returns data was missing some of the benecifiaries’ information from HMRC’s

Specialist R&D Units. Future work aims to address this issue regarding the small sam-

ple sizes using the additional information from Specialist R&D Units and more recent

years’ data, which is expected to be made available in the HMRC Datalab.

The ultimate goal of governments in raising private R&D and innovation is to

enhance overall productivity. My aim in Chapter 3 was to establish this connection and

show the response of manufacturing output to various different types of R&D inputs;

those that are internal to the reporting unit, then internal to the firm but external

to the reporting unit and finally the R&D that is external to the firm, performed

by neighboring firms in technology and product space. Using non-imputed long form

information in the BERD data set, I was able to address important measurement issues

and obtain estimates of the elasticity of output with respect to R&D inputs using static

models. I showed that the mismeasurement of inputs caused by R&D inputs being

counted under conventional labor and materials resulted in the underestimation of the

impact of the firms’ own R&D on productivity. After the correction, I found elasticity

estimates of output with respect to own R&D around 2-3 percent. For the units that

only concentrate on production and have no R&D activity, the R&D performed in other

parts of the enterprise group has been found to be productive. In terms of addressing

the question about whether positive technology spillovers exist between neighboring

firms in technology space, I found mixed evidence, which suggests that future work

may focus on refining the measures of external R&D by using patent ownership and

citation data.

The detailed data sets used in this study provide valuable micro level information on

R&D and productivity, which may be used in future work by researchers who conduct
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empirical work in these fields. As a future step in developing this work, I aim to explore

the more direct connection between R&D tax incentives and productivity, in the sense

of differentiating between productive and unproductive R&D generated as a result of

tax incentives. In the future, it is expected that the legal framework governing the

administrative micro data sets will be amended, which would then allow for linking

HMRC Corporation Tax Returns data with the ONS BERD data for a more detailed

analysis of such connections involving complementarities between R&D that qualifies

for the tax incentive as opposed to R&D that does not1. In the shorter term, I also

consider merging the HMRC data set with intellectual property information to evaluate

the policy effect on ‘innovation outputs’ in addition to the ‘innovation input’.

1Consultations for merging ONS, HMRC and other data collected by public bodies are ongoing by
the UK Government.
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