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1 Introduction

It is generally agreed among economists that intangible assets (IA) have been accounting for an
increasing share of the value of firms during the last decade. Intangible assets are the basis for
the market valuation of the world’s largest firms, such as Apple, Microsoft, Alphabet and Ama-
zone. In the acquisition of Celgene, one of the most expensive acquisitions in the history of the
pharmaceutical industry, the various intangible assets of Celgene, including intellectual property
rights were valued at more than 80 times the value of plant and machinery. A high valuation of
TA is but by no means limited to traditional R&D intensive industries such as technology indus-
tries and pharmaceuticals. For example, the market valuation of the transportation company
Uber is strongly related to intangibles such as data bases of customers and drivers (locations),
IA-related booking and billing software, statistical (real time) traffic congestion analyses, etc.®
According to Corrado et al. (2018), the growth rate of investments in intangibles has been
greater than that of tangible capital during 2000-2013 in the 18 countries that they analyze (in
the EU and US). Growth in intangible assets has also been used to explain that labour income
as a share of total factor income has been decreasing in many countries. For example, Autor et
al. (2019) find that this share has decreased from 75 percent in 1970 to 69-65 percent in 2010 in
some EU countries (e.g. France and Italy), while Schwellnus et al. (2018) find that the share has
dropped by 3.5 percentage points on average across 20 OECD countries from 1995-2011: The
effect has been particularly strong in the US (from 72 percent to 66 percent), but weak in the
Scandinavian countries (no such effects are found in Norway; see Berg et al. 2020). A number
of recent studies have argued that rising market power among firms has crowded out labour’s
share of income (De Loecker and Eeckhout, 2017; Eggertsson, Robbins and Wold 2018; Gutierrez
and Philippon 2017, Bergholt 2018). These studies find evidence of declining competition and
increasing market concentration. The claim is that trends in firms’ market power has spurred
profit growth at the expense of labour income. Another perspective on the labour share decline
concerns automation or robotization, which is related to intangible investments in software for
artificial intelligence and statistical learning algorithms (Acemoglu and Restrepo 2020, 2018;

Autor and Salomons 2018; Leduc and Liu 2019). Acemoglu and Restrepo (2020) find that

IRegaring Uber see https://www.forbes.com/sites/greatspeculations/2019/04/22/ubers-ipo-valuation-makes-
no-sense/#315514d8540d



automation leads to substitution away from labour to capital thus lowering the labour share of
income: assuming that the elasticity of substitution is larger than one, higher relative price of
labour reduces its the factor cost share.

Because of the inherent unique and novel nature of intangible assets, e.g. the development
of new technology, product variety or design, an important motivation for intangible investments
is to reduce competition and extract a monopoly profit: for example, a patent grants the holder a
temporary monopoly, which in return are obliged to make the technical details public. Granting
of patents for narrow claims of innovation are negative consequences of the IP system (Kang and
Bekkers 2015, Berger et al. 2012, Peeperkorn 2003). Patents granted for narrow claims do not
necessarily extend the technological frontier, but contribute to protecting existing monopolies.
‘Patent thickets’ is the term given to overlapping patents over similar technologies that may have
negative welfare effects by limiting the ability of competitors to launch new products (Hall et al.
2013).

An entirely different problem related to new technology — and the intangibles associated
with it — is how to measure its impact on productivity growth, which is the main concern
of this paper. Robert Solow famously stated that "one can see the computer age everywhere
but in the productivity statistics". Accordingly, in many countries governments have appointed
Productivity Commissions to review productivity across industries and propose economic policies.
In Norway, as in many other countries, it was found that productivity growth in the Norwegian
mainland business sector declined after 2005 compared to 1996-2005.2The downward trend in
labour productivity during the last 10 years, or so, is by no means a Norwegian peculiarity. Also
in the US, the growth in labour productivity — real output per hour worked — slowed markedly
around 2005. During the previous ten years, labour productivity in the business enterprise sector
had risen at an annual average pace of more than 3 percent (1994-2004); it then slowed to about
2 percent annually during 2005-2010 and then dropped to just 0.5% during 2011-2016. For all
the OECD countries combined, the trend growth in annual labour productivity declined steadily
from 1.8 percent in 2000 to 0.4 percent in 2014. The paradox that the IT revolution has been
accompanies by a slowing of productivity growth in the most developed economies is sometimes

referred to as the great productivity slowdown.

2See Official Norwegian Reports NOU 2015: 1 and NOU 2016:3.



Economists have debated the reasons for the slowdown, though no consensus has emerged.
Explanations generally fall into three categories: supply-side factors pointing to factors limiting
the growth rate of potential output (see Gordon 2016), demand-side factors related to increased
inequality or interactions between weak demand and sluggish growth of potential output (Auclert
and Rognlie 2018, Summers 2014, Mason 2017), or, finally, issues related to inadequate tools of
economic measurement.

There are several aspects of intangible assets which make it hard to measure their con-
tributions to production and value added (such as GDP). For example, productivity growth is
measured by means of output deflators that are weighted averages of price increases among ex-
isting goods — but generally fails to take into account new goods and varieties, as these have
no base-year prices (Diewert and Feenstra 2019). To address this issue, using the Sato-Vartia-
Feenstra index theory, Brach et al (2018) estimate that new intermediate goods through net
entry of firms contribute about 0.5 percentage point annually to labour productivity growth in
Norwegian manufacturing. Brynjolfsson and Oh (2013) and Brynjolfson et al. (2018) make the
case that welfare is growing faster than (measured) economic output due to free digital services,
such as payment services and social media networks.

This paper is concerned with the identification and measurement of the aggregate produc-
tivity effects of intangible assets that is not based on aggregation of expenditure data across
firms and asset classes. Our approach takes as a starting point a decomposition of labour pro-
ductivity growth first proposed by Brasch et al. (2018b). This decomposition is based on the
economic approach to index numbers (Sato 1976, Vartia 1976, Diewert 1978) and extends stan-
dard methods. The decomposition can be used to quantify the contributions to productivity
growth from different industries and types of firms. The industries of main interest in this study
are the ones which are most intensive users of intangible property rights (IP), such as patents
and industrial designs, or invest significantly in R&D or software developments. Both within
and across industries, we identify the contributions to aggregate growth of firms that perform
TA-related activities, as opposed to firms which report no such activities. Within the first group
of firms, we distinguish between firms according to the intensity of their IA-related activities
by constructing an ordinal proxy variable that combines several data sources and asset classes

(R&D-related assets and intangible ICT). We also consider human capital as an IA, using the



educational attainments of employees to construct a human capital (skill) measure at the firm
level.

The rest of this paper is organized as follows. In Section 2 we clarify what we mean by
TA and discuss related measurement issues. Section 3 outlines our decomposition of aggregate
productivity growth and propose measures for identifying the impact of intangibles. In Section
4, the data are described and in Section 5 our decomposition is applied empirically. Section 6

concludes.

2 What is an intangible asset and how can it be measured?

Intangible assets represent a broad cross-section of assets whose only common feature is that they
generate current and /or future value for the firm without having "a physical or financial embodi-
ment” (Lev 2001). Intangible assets may, or may not, be protected by intellectual property rights
(IP), such as patents, trademarks, designs or copyrights. Because of sunk costs, uncertainty of
success, obsolescence of technology, limited appropriability, etc., investing resources to create IA
involves considerable risk. According to economic theory, this will create an unequal distribution
of rents across firms, with only a few "superstar" firms earning high profits (Gorzig and Gornig
2013). An extensive literature describes the characteristics of intangible assets (Brynjolfsson et
al 2002, Andrews and de Serres 2012, Haskel and Westlake, 2018).

TA are sometimes defined in terms of negations, i.e. by what they are not: 1) They have
no material existence and hence no location, which make them distinctly different from tangible
assets. 2) They are not financial assets, although many financial assets derive their value from
TA. For example a leasing contract for the use of a patent (financial asset) derives its value from
the patented idea (IA), e.g. a recipe for a medicine, but it is not the same as the intellectual
asset. 3) IA are non-rival in nature; they can be shared (or accessed) by many at the same
time without any deterioration of services rendered. In fact, the utility of users may increase
through network or spillover effects. For example, the effect of a vaccine is increased if it is taken
("shared") by many. Again, the physical embodiment of the vaccine is distinctly different from
the underlying A, from which it derives its value. 4) IA are not subject to wear and tear, but

remain in the same state at the beginning and end of a period. This is not the same as saying



that the economic value of the asset might not change, e.g. due to obsolescence (similarly to a
piece of land, which may change its value even if the ground remains in the same state).

In applied analyses, the concept of IA has to be operationalized. Dictated by the needs of
official statistics and econometric analyses, economists often divide intangibles into three main
types: 1) computerised information, 2) innovation property and 3) economic competencies (Cor-
rado et al. 2005). Computerised information comprises software and databases, innovation
property includes R&D, patents and design, while economic competencies include trademarks,
human capital and organisational structures. This taxonomy is also reflected in the GLOBAL-
INTO project (see Lampel et al. 2020), where intangible assets are broadly categorized into:
communication technology (ICT), research and development (R&D), and organizational capital
(0C).

There are two main (philosophical) views of how intangible assets should be treated in
the production function. Both are highly relevant for productivity measurement. The first is
that of the national accounts (SNA 2008), adapted by the OECD and the Jorgenson school of
productivity measurement (Jorgenson and Schreyer 2013). According to this view, an intangible
asset is a produced Intellectual Property Product (IPP) in the same way as a computer is a
produced investment good. The IPP provides services to the users and payments for services
to the owners (SNA2008, para. 6.211). An example is R&D expenditures, which is considered
fixed capital formation (production) of an IPP (denoted "R&D capital") by means of labour,
capital and intermediate inputs. The IPP is an input factor in the production function and is
depreciated through fixed capital consumption in the same way as a produced tangible capital
good.

According to the alternative view, which we may term the "Solow model" (after Solow
1987), IA are not produced goods, but represent technology in a broad sense (ideas, algorithms,
recipes, rules). This view recognizes the fundamental difference between IA and (other) factor
inputs, for example the ingredients of a cake and the recipe: The ingredients chocolate discs,
eggs, butter, vanilla extract, salt, sugar, flour and apricot jam can be combined in the Sacher
torte. The recipe of the Sacher torte is not just another type of input in the production, but has
a fundamentally different role than the inputs: it is the rule of how to combine the ingredients

(intermediate inputs) by means of labour input (man hours) and tools (fixed capital) to produce



the cake. The recipe can be shared infinitely many times by infinitely many users. Of course,
the recipe could be the result of economic activity, such as research and development, but the
creation of the original IP is not capital formation. The recipe could also be protected by IP
rights to extract a monopoly profit, but the legal instruments to do so are not the same as the
recipe itself (IA). For example, the original Sacher torte recipe is protected by a trademark. 3
Regardless of ones point of view, the measurement problem related to the valuation of
intangible assets is arguably much larger than for other assets and goods. The main problem is
that most IP are used within the companies that develop them without ever being transferred in
a market place. In the absence of market transactions there are no observed prices that can be
used to calculate capital services (e.g. by means of the user cost formulae). The unique nature
of an IP also means that there are no comparable prices that can be used. A striking example
of the measurement problem is the GDP growth of Ireland in 2015, which was revised up from
7.8 percent to 26.3 percent due to a change in the treatment of income to IP holders.* However,
this increase in GDP had little to do with production of goods and services in Ireland, but
reflects that owner income for the use of IP were shifted to Ireland and classified as (intangible)
capital services in the Irish national accounts (NA). The spurious increase in Irish GDP seems
to related to the fact that IA has no particular location, while the legal instruments to protect
TA (such as patents) can easily be moved for tax purposes (see also The Economist, July 2016).
Globalization and tax competition between countries combined with a growing importance of
intangible assets has reinforced this problem. Lynch (2019) argues that the treatment of TA in
the NA as a produced good (fixed asset), similar to tangible assets, is fundamentally flawed and
that the revision of Ireland’s GDP is just an extremely visible consequence of this misconception.
A more typical example of the role of IA in the NA is provided by Norway. In 2019, IA
(including R&D capital) constitute just 3 percent of the total value of fixed (produced) capital
in Norway, with no sign of increasing during 2008-2019.5 Although calculated in accordance

with NA accounting principles, these figures may not be informative about the true importance

3In 1934, the Demel pastry shop started selling "Eduard Sacher-Torte", while the Sacher Hotel sold the
"Original Sacher-Torte". The hotel’s owners sued Demel for trademark infringement, and won in 1938. The
lawsuit was appealed after the war, and the hotel was eventually given the exclusive right to call its version "the
original".

4See https://www.oecd.org/sdd/na/Irish-GDP-up-in-2015-OECD.pdf

5See Figures 1.14-1.15 in https://www.ssb.no/nasjonalregnskap-og-konjunkturer/artikler-og-
publikasjoner/ attachment/4151957 ts=170d41f0680. In Norwegian.



of intangibles in Norway during this period — especially in view of the fact that IA are almost
the sole basis for the market valuation of some of the world’s largest firms. The reason for the
failure of the NA to recognize a significant role for TA in the Norwegian economy could be that
the PIM method of accumulating and depreciating intangible investments is poorly suited to IA.
In fact, this is likely to be the case because the resources (investments) used to create the IA
(e.g. R&D expenditures) are notoriously difficult to measure, being generally not categorized as
such in the financial accounts of the firms (see Lev 2018).

Within the Jorgensonian tradition, Brynjolfson et al. (2018) address the measurement
problems related to IA by using market valuations of firms in combination with the predicted
value of a firm from the Q-theory to identify the (part of the) excess valuation that represents the
TA, which is considered both as a (hidden) produced investment good and as an intangible capital
input in the production function of the firm. This (dual) aspect of IA creates a Productivity
J-curve: in periods where the growth rate of intangible investments exceed the growth rate of
tangible assets — typically in the early phase of a new technology — total factor productivity
will be under-estimated. As the technology becomes mature, productivity growth tend to be
over-estimated until a steady state is reached, with balanced growth rates.

Apart form the obvious problems related to the validity of the Q-model, the Brynjolfson
approach cannot be applied to micro data, as most firms are not publicly traded. For both
pragmatic and philosophical reasons, we side with the Solow-model of growth where IA affect
productivity through their effect on productivity as an (essentially) unquantifiable feature of the
production function. This not to deny that firms may put (large) resources into innovation and
development of products, algorithms, software, recipes, etc., which we may term investments
in TA. However the market valuation of a specific IA is uncertain, if not impossible. Also the
resources (investments) used to create the IA (e.g. R&D expenditures) are notoriously difficult
to measure as they are generally not categorized as such in the business accounts. Hence we
often have to rely on self-reported survey data that may be of questionable quality and often
cover only a fraction of the population of interest.

In principle, information about efforts to create and develop intangible assets at the firms
level can be obtained by combining many sources — both survey data, such as R&D surveys, and

public registers covering IP- applications and ICT software investments. In our approach, we will



combine different numerical measures into qualitative (ordered) classifications of firms according
to the intensity of their IA-related efforts over time. Our ordinal measures are proxy variables
for expenditures and activities related to the creation and development of IA — not measures for
the value of the intangible capital stocks as such. Our approach is thus more in line with the

Solow-model than with the SNA 2008 approach to measuring TA.

3 Methods and measures of IA intensity

The seminal paper of Foster et al. (2001) outlines a framework for decomposing productivity
growth based on weighted average productivity levels to identify the contribution of (within-
firm) productivity growth, (between-firm) labour reallocation and firm turnover to aggregate
productivity growth. It has been used by many, for example Foster et al. (2008), to quantify
the impact of entry- and exit dynamics on productivity growth. Possible drawbacks of their
decomposition method have been pointed out by several authors, e.g. Katayama et al. (2003),
who observe that productivity indices based on nominal variables may have little to do with
actual productivity levels as it is implicitly assumed that products are homogenous. Alternative
methods exist in the literature. A recent proposal is Brasch et al. (2018b) who builds on the
economic theory of index numbers. Their method differs from Foster et al. (2001) by decomposing
productivity growth rates, not productivity growth levels. Our approach is an adoption of Brasch
et al. (2018b) that incorporates IA.

Productivity is commonly defined as the ratio of outputs to inputs, both terms measured
in volumes. Analytically, a measure of aggregate labour productivity growth may be written
as Qy / @1, where Qy represents an index for overall output and @ is an index for labour
input. This definition of productivity is standard; see Diewert and Nakamura (2003). Multi
factor productivity (MFP) generalizes the above definition to include several inputs, such as

intermediate inputs and different types of capital objects.

3.1 TIA intensity measures

We will separately analyze three types of IA: Research and development capital (R&D), infor-

mation and communication technology (ICT) and human capital (skills). To incorporate TA
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intensity as a variable in our model of productivity growth, we will classify the IA intensity of a
given firm (in a given time period) on an ordinal scale for the given type of IA.

Regarding R&D, the lowest level of R&D intensity refers to firms without R&D expendi-
tures (i.e., R&D inactive firms), the second level refer to firms with positive R&D in a broad
sense —i.e. not restricted to scientific R&D — whereas the third level refers to firms that apply for
R&D-related IP (patents or industrial designs). An argument in favour of using IP-applications
as a proxy for the highest level of R&D intensity, is that there are few examples of economically
significant innovations which have not been protected by IP (Dernis and Guellec 2001; Bronzini
and Piselli 2016). Moreover, as demonstrated by Nilsen et al. (2020), IP-applying firms obtain
a highly disproportional share of public R&D support compared to other R&D active firms in
Norway.

With regard to (intangible) ICT capital, the firms at the lowest level are those with zero
software investments, i.e. firms that do not activate any intangible ICT expenditures. The
second level refers to firms that activate purchased software expenditures. Finally, the highest
level refers to firms which activate own-account software investments. Thus our ICT capital
concept accommodates both the use and development of intangible ICT, with the developers
considered as the most ICT intensive firms.

With regard to human capital, we focus on the educational attainments of employees
using matched employer-employee data. First, we define a skilled worker as a having at least
higher secondary education (in Norway, this corresponds to at least 13 years of completed formal
education), and a high-skilled worker as having higher tertiary education or PhD (18+ years
of completed education). At the firm level, we calculate both the share of skilled and high-
skilled workers, and classify the firm at the lowest skill intensity level if its shares of skilled and
high-skilled workers are below 65 and 20 percent, respectively. Here, 65 percent refers to the
median share of skilled workers among all firms in the sample that employ skilled workers (the
conditional median) and 20 percent is the median share of high-skilled workers among all firms
employing high-skilled workers. The second level of skill intensity, refers to firms with a share of
skilled workers above 65 percent. Finally, the highest level of skill intensity refers to firms where
both the share of skill and high-skilled workers exceed their thresholds of 65 and 20 percent,

respectively. While our choice of thresholds necessarily involve some arbitrariness, we will show
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that it leads to interesting and striking patterns of skill classifications across industries and over

time. Moreover, a similar ordering of skills is used by Brasch et al. (2018a).

3.2 Within-industry aggregation of output in a given 1A category

We use gross value of production in fixed prices as measure of output, using deflators from the
NA at the industry level to obtain gross value in real (constant) prices. Similar to Hulten (1979),
we separate between labour (L) and other input factors (M), and include both capital services
and intermediate inputs in M. Labour input (L) is measured as man-hours. while the problem of
how to aggregate different types of intermediate inputs and capital services is avoided by deriving
a measure of labour productivity growth that is invariant to any such aggregation.

Within each industry, firms can be divided into different categories (b) according to the
highest achieved level of TA intensity for the given type of IA under consideration (R&D capital,
intangible ICT or human capital), as described above. We let b = 1 denote the lowest category
and b = B is the highest category.

We adopt the notation that for any variable, x;; s, the first index refer to the industry (i),
the second to the IA category (b), the third to the firm (f) and the fourth to the period (t).
Moreover, let x;,; denote the same variable aggregated to the level of category b in industry ¢ (in
period t), and z;; to the aggregate industry level, i. At the lowest level of aggregation, firm-level
outputs, Yj,rs, are aggregated into a composite good, Yj:. To obtain a mathematically tractable
decomposition, not having to deal with the entry and exit of new products, we assume that all
firms in the same IA category (b) in the same industry (i) produces different qualities of the
same good. That is, all varieties are assumed perfect substitutes. Note that this assumption is
more general than the assumption of homogenous products implicitly assumed by many popular
decomposition methods, e.g. Foster et al. (2001). Then, industry-output in asset category b can

be formulated in terms of the quantity aggregator:

Yie = Z Yivf Yippe 1)
fEFiL(b)

where Y,,, is the composite good consisting of outputs from the set of operating firms in category

b in industry 4, denoted Fj(b), and ~;,r > 0 is the quality parameter for variety f. Moreover,
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using eq. (1):

Y _Pi,tflx D fer, v Vit

Yipt—1 b ZfeFi,tfl(b) Vit
3.3 Entry, exit and re-classifications

The set of operating firms in the set Fj;(b) in eq. (1) varies over time — not only because of start-
ups and firm closures, but also because continuing firms may change asset category over time
(re-classification). To understand this dynamics, let Cj:(b) denote the set of firms (in industry
i) that remain in category b in two consecutive time periods, t — 1 and ¢t. We refer to these as
continuing firms. Entering firms, denoted N;;(b), belong to category b in period ¢ but not in
t — 1. Finally, eziting firms, denoted X;;(b), belong to category b in period ¢ — 1 but not in ¢. It
follows that:

Fit(b) = Cit(b) U Nt (b) and F; 1—1(b) = Cit(b) U Xt (D).

Furthermore, we can write

Nit(b) = Ujeqo,....By\6Nit (4, 0)

Xit(b) = Ujeqo,....Bp\oXit (D, )

where N;;(4,b) is the set of firm that enter category b from category j (j # b), where j = 0 refer
to the category of start-ups (they did not yet exist in ¢ — 1). Similarly, X;:(b, j) refers to the
firms that leaves category b and enters category j. In particular, X;:(b,0) are the firm closures,
i.e. they belong to category b in t — 1 but have closed down operation in ¢.

We now use the well-known relation (see eq. (13) in Brasch et al. 2017):

Seram Vire | | Zrecuwm Vire N(b) X(b)
v = v x(1=s; ) +(1—s5,1)
ZfEFi,tfl(b) if,t—1 ZfeCLt(b) if,t—1 V N———
entering exiting
total continuing

where
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sy = Y Vap/ D>, Vipands = > Vager/ Y. Viria

FEN+(b) fEF;(b) FEX it (b) fEF; +—1(b)

The contributions from entering and exiting firms can be further decomposed into contributions

from start-ups, firm-closures, and asset category reclassification as follows:

N(b) _ N(0,b) N(-,b)
Sit - = Sa + Sit (2)
start—ups re—classification
and
X(b) _ X(b,0) X(b,°)
Sit-1=  Sip1 + Sit1 (3)

firm—closures re—classification
where we have defined the value share of for start-up firms and closing-down firms, respectively,

as:

Szj-\t/(o’b) = Z Vvibft/ Z ‘/zbft and Sz t(bl()) Z Vvibf_,tfl/ Z Vvibf,tfl

fEN:+(0,b) fEFi(b) f€Xit(b,0) fEFi t—1(b)

Finally, the output index for the composite good can be written:

Aln(Yie) = Y WanpeAn(Vipgr/Piy) —In(1 = s, ) +In(1 — 55, ")
feCi
~ Y Tip A (Vipge/Pir) + 55y 07 — sy 0 4 5] 00 — 550 (4)
feCi

where
m(Vige, Vigi—1)
m(ZfGCit(b) Vigt, ZfECit(b) Vige-1)

with m(z,y) denoting the logarithmic mean of non-negative numbers x and y. The first term is

()

Wippt =

the standard Sato-Vartia quantity index across continuous firms producing the same composite
good. The second and third terms represent the contributions from start-up firms and firm
closures, and the fourth and fifth terms represent the contributions form the two types of re-

classifications (see eq. (2)-(3)).
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3.4 Aggregate input at the industry level

Although there is a large literature on quality adjustment of labour services dating back to
at least Jorgenson and Griliches (1967), we proceed with the standard approach of using the
sum of hours worked to derive the index for labour input usage. For a particular asset class
b in industry 7, the index of hours worked may be decomposed according to whether firms are

continuing, entering or exiting, as follows:

Aln(Lir) = Y BipAlLig— I —hi®) + (1 = k5%
fECi{,(b)
~ D OhpAInLipe+ by Y — Y Y — g0 (6)
fEC;+(b)

where all expressions involving h;; are defined in the same was as the corresponding expressions
involving s;; in eq. (4), with the modification that Vs is replaced by Lijps: in all the defining

formulas. The weights giLbft are defined analogously to Wi, as follows:

m(Liyse, Livg,e—1)
Y recnm) Lirts X pec, vy Lisa-1)

gil;)ft = m(
(cf. eq. (5)).

3.5 Decomposition of productivity growth at the aggregate level

At the first level of aggregation, the output of firms in asset category b in industry 7 is aggregated
into Y, as described above. At the second level of aggregation, the Yj,; are aggregated into
industry level output, Y;;. To do so, we assume the existence of production functions both at
the level of (,b):

Yive = giv (Live, Mipe, t) (8)

and the industry level (4):
Yit = gi(Lit, Mit, t) ()
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Then, following Domar (1961) and Hulten (1979), the growth rate of multifactor productivity at

the industry level is:

Ing(-,¢ In g; : Vi
8 n g Z 7] A — a I g b ) with Sibt — Vbt
it

where the s;;; are the so-called Domar weights and

Olngp(-,t
ng#(’)dt =AlnY; — aﬁ)tAln L — (1 — aith)AlnMibt
with
L _ qzthth
ibt — Czbt

where ql-th denotes the wage rate and Cj;,; denotes total factor costs.

To obtain an expression of productivity growth for a set of industries,

(10)

(11)

I, we similarly

postulate the existence of an aggregate production function that relates aggregate output (Y3)

to aggregate labour input (L;) and other inputs (M;):

Y, = G(Ly, My, t)

Then, again, following Domar (1961) and Hulten (1979), the growth rate of multifactor produc-

tivity at the aggregate level can be written:

8 In G O0ln gz ,t) . Vit
Z Sjp——————= Wlth Sit = A

i€l t

Combining (10)-(12) and re-arranging we obtain:

olnG(-,t
#dt = Z sit (St AlnYip — 05, Aln Liyy)
i€l b
= sl —af) Y (04, A My — 03, A1n L)
i€l b
where
L quthzbt ok = qfiLit and oM qz]\/Ithzbt
ift — q L], it = "o ift — M.
it it it it it

(12)



and we have assumed that
Vit _ Cit
Vi Ci

Sibt =

i.e. that gross value of production is a constant mark-up over total factor costs within the same
industry, i.
Following Balk (2009), multi factor productivity (MFP) in discrete time, from ¢ — 1 to t,

is the integrated growth rate:

b 0InG(Ly, My, u)

MFP =
t—1 ou

du=In(Qy/Qr) — In(Qn/Qr)

where labour productivity growth, In(Qy /QL), is the integral over the first double sum in (13),
whereas In(Qas/Qr) is the integral over the second double sum, representing growth in "material
intensity". The latter is not feasible, as we have little information about the composition of

intermediate and capital inputs at the firm level. Given the expressions (13), it follows that:

n(Qy/Qr) = Y St Y (SieAInYip — 03, Aln Lipy) (14)

iel b
where 5;; denotes the logarithmic mean of s;; and s; -1 (S is defined similarly) and a full
decompositions of A(Yip:) and A(L;p:) — and therefore In(Qy/Qr) — into contributions from
continuing firms, start-ups, firm closures and (asset category) re-classifications are provided by

eq. (4) and (6).

4 Data and operationalisations

4.1 Data sources

Our primary data source is the Accounts statistics from Statistics Norway, which are register
data covering financial firm-level accounting variables. We merge these data with different data
sources for intangible assets and matched employer-employee data about e.g. working-hours and
educational attainments of employees. The first IA data source is the intellectual property rights

database from the Norwegian Patent Office containing data on patent and industrial design
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applications collected since 1990 (since 2015, data for trademark applications are also available).
The second source is the R&D census of firms’ R&D-expenditures in the business enterprise
sector. The census is mandatory for all firms that are selected by Statistics Norway and covers
all firms in the business enterprise sector with at least 50 employees. It commenced in 1997 as
a biannual survey and became annual in 2001. Among firms with 10-49 employees, a stratified
random sample by two-digit NACE industry of about 30 per cent of the population is drawn each
year from the main R&D industries (and smaller shares from the other industries). Firms with
5-9 employees are included in the census through a stratified random sample scheme, but with
more limited coverage. Regardless of size or industry, all firms that reported significant R&D
activity in the previous census are included in subsequent ones. To supplement the regular R&D
census, we use data about firms’ received R&D support since 2002, both R&D tax credits and
direct support from the Research Council of Norway.® In addition, the tax credit application
data contain information on each tax credit applicants’ R&D expenditures for three years prior
to applying for the tax credits. The latter data are collected by the Research Council of Norway
from 2002 until 2016. Most of the recipients of R&D tax credits are small firms that are not
included in the regular R&D census. We make the assumption that firms that are not included
in any of the R&D survey data in a given period (¢) and have not obtained R&D tax credits or
other public R&D support (in t) have zero R&D-expenditures.

As data source for intangible ICT investments, we use the Investment statistics from Statis-
tics Norway. These data are register data which are based on general financial statements in
the tax return and are collected annually since 1995.7 Since 2002, these data have comprised
information about annual investments in hardware (purchased) and software (both purchased
and on own-account). Finally, we use the Register of employers and employees (REE) and the
National education database (NED) to obtain information obtained employer-employee relations.

All employers are obliged to send information to the REE about all employees’ contract start and

6Through the tax credit scheme Skattefunn introduced in 2002, firms receive tax credits for R&D, comprising
either tax deductions or cash refunds if a firm’s tax credits exceed its taxes. All firms are entitled to tax credits
as long as the project meets the formal criteria and has been approved by the Skattefunn division of the Research
Council. The tax authorities monitor the reported costs and aggregate public support for the enterprise under
the State Aid Code. See Benedictow et al. (2018) for details.

"The Investment statistics are organised according to the Standard Industrial Classification (SIC 2007) and
are collected for the following industries: Mining, oil and gas extraction, Manufacturing, Information and com-
munication, Professional, scientific and technical services, Building and construction, Wholesale and retail trade
and Hotels, restaurants and catering. See Rybalka (2009) for more details.
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end, working hours, overtime and occupation, whereas the NED gathers all individually based
statistics on education from primary to tertiary education and has been provided by Statistics

Norway since 1970.

4.2 Descriptive statistics

Table 1 provides descriptive statistics of the shares of R&D investments, ICT software invest-
ments and IP application by broad industry classification, firm size (small, medium and large)
and firm age for the mainland Norway market industries (see notes to Table 1 for details).
R&D investments are highly concentrated in three industries: 29 percent in Manufacturing of
chemicals, pharmaceutical products, machinery and electronics; 28 percent in Information and
communication; and 20 percent in Professional, technical and scientific services. In comparison,
these three industries account for 8, 6 and 7 percent of employment in all mainland market indus-
tries. That is, the three industries combined account for 73 percent of all R&D investments and
21 percent of all employment. In contrast, Construction, Wholesale and retail trade and Other
services account for 55 percent of employment but only 7 percent of total R&D investments.

ICT (software) investments are also concentrated in a few industries, in particular in In-
formation and communication (38 percent) and Wholesale and retail trade (20 percent). The
number of IP-applications is even more concentrated, with 31 percent in Manufacturing of chemi-
cals, pharmaceutical products, machinery and electronics and 33 percent in Professional technical
and scientific services.

Medium and large firms (> 50 employees) make up 53 percent of total employment, account
for 67 percent of R&D investments and 75 percent of ICT (software) investments. On the other
hand, small firms have a disproportional share of IP-applications (61 percent). Finally, we see
that relatively young firms (< 10 years old) account for 37 percent of R&D- investments, 40

percent of employment, 35 percent of ICT investments and 54 percent of IP-applications.

TABLE 1 HERE

Table 2 shows summary statistics for the whole population of limited liability firms in

the market industries during 2003-2018, separating between all firms, R&D-active firms (firms
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with positive R&D expenditures) and firms with IP-applications. The last row shows that the
population consists of 419,704 firms of which 11,339 are R&D active in at least one year and
1,550 have at least one IP-application during 2003-2018.

The upper part of Table 2 shows that R&D-active firms are larger, more capital intensive
and have higher labour productivity than all firms. R&D-active firms are also somewhat older,
with a median firm-age of 11 vs. 8 for all firms. They also have a smaller share of firm-years
related to start-up firms (16 vs. 25 percent), but they are not more profitable: the corresponding
mean (median) return on assets is 1.8 (3.2) percent vs. 6.4 (3.5) percent.

The last two columns of Table 2 report mean and median statistics related to firms with
IP-applications. These firms are generally larger, have higher labour productivity and are more
capital intensive than both R&D-active firms in general and all firms. Of all firm-years with IP-
applications, 59 (24) percent have positive R&D (ICT) investments in the same year, whereas 26
percent of firm-years with R&D investments have positive ICT investments. Finally, the variable
"Ratio of TA- to tangible capital services" shows average user cost of IA-capital services relative
to tangible capital services (see the notes to Table 2 for details). For all firms, this ratio is only

0.065 on average, but exceeds 0.3 for firms with recorded IA-investments or IP-applications.

TABLE 2 HERE

The upper charts of Figure 1 show that (intramural) R&D expenditures as well as number
of TP applications (patents and industrial designs) have been weakly increasing from 2003 to
2018. The graphs confirm the dominant role of Manufacturing of chemicals, pharmaceuticals,
machinery and electronics and Information and communication with regard to R&D expenditures
and (to an even larger extent) Manufacturing of chemicals, pharmaceuticals, machinery and
Professional, technical and scientific services with regard to IP applications. From 2003 to 2018,
total intramural R&D increased from about 20 to 23 NOK billions in fixed (2018) prices — most
of this increase took place from 2013-2018 (from NOK billions 21 to 23). The number of IP-
applications increased mainly in two periods: 2003-2007 (from 500 to 700) and 2012-2018 (from
650 to 800).

The middle charts of Figure 1 shows ICT investments, i.e. total activated software expen-

ditures (left chart) and activated own-account software expenditures (right chart). The amount
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of spending has increased dramatically: for example, total activated software investments in-
creased from 1.2 to 4 NOK billions from 2003 to 2018. The dominant role of Information and
communication is most clearly visible with regard to own-accounts expenditures. The steep fall
in ICT investments in 2015 is related to the fall in oil prices from above $100 in August 2014
to $30 in January 2016, which not only affected the oil industry, but also spurred an economic
downturn in mainland industries during 2014-2016.

The lower charts of Figure 1 show the share of firms with skilled workers (i.e. workers
with at least post-secondary education) in the left chart and high-skilled workers (i.e. workers
with higher tertiary education or PhD) in the right chart. For mainland Norway, the share of
firms with skilled workers increased from 60 to 65 percent from 2003 to 2018, while the share
with high-skilled workers increased from 5 to 10 percent. The two industries Information and
communication and Professional, technical and scientific services have a much higher share of

skilled and high-skilled workers than all mainland industries combined.

FIGURE 1 HERE

4.3 Final sample

Our final sample of firms consists on limited to limited liability firms (including public-owned) in
the mainland market economy. We will focus on two sets of aggregate industries in our analyses:
the three main R&D intensive industries (see Section 4.2), and the mainland market industries.

Since IA investments rarely occur regularly over time, we consider a periodicity of 3 years
and "aggregate" variables within each 3-year period. Thus, in our analysis the time index t refers
to period t. If s denotes the calendar year and s = 2003 is the base year, the relation between
the period number ¢ and calendar year s is as follows:

[s — 2003
t_

= 3 } , s = 2006, 20009, ...,2018

where [z] is the integer value of z (e.g. [1.5] = 1). Ignoring IA for simplicity of illustration
(formally: B = 1), this means that a firm enters in period ¢ if its first date of operation is

during the interval (2003 + 3(t — 1),2003 + 3t)], it exits in period ¢ if its last date of operation is
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during [2003 + 3(¢ — 1), 2003 + 3t), and it is continuing in period ¢ if it is operating throughout
2003 + 3(t — 1), 2003 + 3.

5 Results

Aggregate labour productivity growth rates for the three R&D-intensive industries are shown
in the upper chart of Figures 2 for the period 1996-2018. The lower chart in Figure 2 shows
the corresponding growth rates for the (larger) aggregate Mainland industries. The (combined)
weight of the three R&D-intensive industries in the aggregate Mainland industries is approxi-
mately 1/3 (see Table 3). When showing the results, we have split the observation period into
eight 3-year intervals, except 1996-1997. For each interval, we present average annual growth
rates in percent. The aggregate results involve a weighted average of contributions from the indi-
vidual industries, as explained in Section 3. The decomposition in Figure 2 disregards IA (in the
formulas in Section 3, this corresponds to B = 1), as time-consistent data for IA are available
only from 2003 and onwards. The results of the decompositions with TA will be discussed in

relation to Figures 3-5.

FIGURE 2 HERE

First, the solid line in Figure 2 shows the pattern of aggregate productivity growth, while
the bar graphs show an (additive) decomposition of total productivity growth into contributions
from entering, exiting and continuing firms. In the figure, the meanings of continuing, entering
and exiting firms are as explained at the end of Section 4.3. The sum of the positive contributions
(the bars above the horizontal axis) and the negative contributions (the bars below the axis)
equals total average productivity growth (the solid curve).

The average real labour productivity growth in the R&D-intensive industries was 1.9
percent annually during 1996-2018 (not displayed), with growth rates peaking at 6 percent
during (1996-1997), staying relatively high during 2001-2012, and were close to, and even below,
zero during 1998-2000 and 2013-2018. A similar pattern of productivity growth is found in
the Mainland industries, but with more moderate fluctuations and also a much lower average

productivity growth rate: 0.7 percent annually during 1996-2018 (not displayed).
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The high productivity growth in the R&D-intensive industries during 1996-1997 was driven
primarily by the R&D-intensive industries within manufacturing. Manufacturing in general went
through a stark reduction in employment share during this period, where the most productive
firms increased their relative employment. The least productive firms were probably not even
able to pay the increased wage costs (real wages increased by 6 percent annually during this
period) and closed down (see lancu and Raknerud, 2017). The relatively high-growth period
from 2001-2012, overlaps with the height of the oil-fueled boom-period when oil prices surged
from $20 per barrel in 2001 to more than $100 in 2014.

The low productivity growth during 1998-2000 is related to the so-called Asia-crisis, with
falling oil-prices and surging NOK interest rates, whereas the steep fall in oil prices from above
$100 per barrel in August 2014 to $30 in January 2016 spurred a halt in productivity during
2013-2015 and well into 2016-2018. The technology industries were hit particularly strongly, as
seen from Figure 2. The downward trend in productivity growth after the peak years 2001-2004
in the R&D-intensive industries is consistent with the great productivity slowdown discussed in
Section 1. However, the pattern of downward trend is much less clear for the combined Mainland
industries, where, in fact, productivity growth have been weak during most of the period 1996-
2018.

Productivity growth among continuing firms is the most important source of aggregate
productivity growth. Exiting firms also contribute strongly positive, reflecting the fact that
exiting firms have lower productivity levels than continuing firms. On the other hand, entering
firms contribute about equally megative to productivity growth. The latter finding is consistent
with the results in Golombek and Raknerud (2018), who document strong positive survival
selection based on productivity among start-up firms. Our results are also in line with other
analyses of productivity growth for the mainland industries in Norway (see for example Iancu

and Raknerud, 2017).

FIGURE 3 HERE

The results of the decomposition of aggregate productivity growth by contributions from
each of the three ordered R&D-capital categories (B = 3) are shown in Figure 3 (see Section 3.1

for the definition of the ordering for each type of IA). The corresponding results for ICT-capital
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and human capital (skills) are shown in Figures 4-5. Each (ordered) category is represented by
the same colour in the three figures. In each figure, the left charts show results for the R&D-
intensive industries and the right charts for the Mainland industries. Moreover, the two upper
charts show the decomposition over time (each time period is represented by a bar), whereas
the two lower charts show the decomposition by source: represented by the bars "Continuing
firms", "Entering firms", "Exiting firms" and "Re-classification". A bar representing the sum
over all sources ("All sources") is also shown. The indicator on this bar shows average annual
productivity growth over 2004-2018 (with 2003 as the base year) in the given industry aggregate.

Focusing first on the lower charts of Figure 3, we see that continuing firms are the main
contributors to productivity growth, i.e. firms that remain in the same (ordered) R&D category
between two consecutive periods. In the R&D-intensive industries, continuing firms contribute
0.7 percentage point to the average annual productivity growth of 0.7 percent, i.e. the net effect
of all other sources is zero. In the Mainland industries, continuing firms contribute 1.1 percentage
point to the average annual productivity growth of 0.9 percent, i.e. the net effect of all other
sources is —0.2. Among continuing firms in the R&D-intensive industries, firms in R&D category
b = 3 (firms with IP-applications) contribute 0.2 percentage points, which is disproportional
(0.2/0.8 = 0.25) (25 percent) to their total weight of 15 percent in the aggregate R&D-intensive
industries (0.03/0.33 =~ 0.15); see column 1-3 in the upper part of Table 3. However, the R&D-
active firms without IP-applications (R&D category 2) perform poorly; they represent an output
weight of 40 percent, but contribute only 0.1 percentage point (approximately 15 percent) to
total productivity growth of in the R&D-intensive industries. The situation is different in the
Market industries, where the R&D-active firms (category 2 and 3) contribute 0.4 percentage
points to the total average productivity growth of 0.8 percent (i.e. half of it), which is above
their combined output weight of 1/3 in the Mainland industry aggregate; see columns 1-3 in
the last row if Table 3. Still, the general picture is that R&D-active firms overall do not have

significantly higher productivity growth rates than the average firm.

FIGURE 4 HERE

Figure 4 presents the same type of calculations as Figure 3, but with intangible ICT-capital

as the asset type. In the Mainland industries, firms with intangible ICT-capital (category 2 and

24



3) contribute 0.35 percentage points to the total average productivity growth of 0.8 percent
(lower right panel), which, in relative terms, is slightly below their combined output weight in
the Mainland industries (0.30 + 0.19 = 0.49); see columns 4-6 in the last row of Table 3. On
the other hand, in the R&D-intensive industries, firms with intangible ICT-capital contribute
negatively to total productivity growth. An examination of the upper left panels, reveals that
this is due to the strong negative growth impulse from firms in ICT-category 2 and 3 during
the economic downturn of 2014-2016, which had a particularly adverse effect on the most ICT-
intensive industry: Information and communication, leading to negative average productivity
growth rates during 2013-2015 and 2016-2018. Note, however, that the weight of Wholesale and
retail trade within ICT-category 2 (firms with activated purchased ICT) is higher than that of
Information and communication: 0.07/0.30 vs. 0.02/0.30 (se column 5 in Table 2). This explains
the much more positive overall results for ICT-active firms in the Mainland industries compared
to the R&D-intensive industries. The rapid growth in retail automation, robotization, electronic
payment systems and self-service checkouts have likely contributed to the relatively high level of

ICT (software) intensity in Wholesale and retail trade (see Ford, 2016).

FIGURE 5 HERE

Figure 5 presents the same calculations as Figures 3-4, but with human capital (skill) as
asset type. The lower left chart in Figure 6 shows that in the R&D-intensive industries, firms in
skill category 3 contribute 0.35 percentage points to the average annual productivity growth rate
of 0.7 percent (i.e. half of it), which is above its output share of 1/3 (see the last three columns
in the upper part of Table 3). The lower right chart, however, shows that this skill category
contributes zero to overall productivity growth in the Mainland industries, even though it has
an output-weight of 0.17 (see the last column and row in Table 3). Instead, total productivity
growth in the Mainland industries can be attributed disproportional to firms in the lowest skill
category (0.5 percentage points). The corresponding output weight of this category is 0.36 (see
Table 3).

Our results indicate that it is not human skill per se that drives productivity growth, but
rather the combination of skills with complementary assets, such as R&D and ICT. While it

is outside the scope of this paper to examine such complementarities, it seems clear from our
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analyses that policies with a narrow focus on stimulating one target variable, such as higher
formal education or more R&D, may not necessarily result in increased economic growth. Eco-
nomic growth seems to be the result of complex interactions that are hard to measure. This
is highlighted in Figure 6, which shows the trends in the output weights of the (ordinal) asset
categories over time for the each asset type and industry aggregate. For example, there is a
strong downward trend in the output share of firms in the lowest human capital (skill) category,
while the output share of firms in the highest skill category has increased markedly. At the same
time, there has been a downward trend in productivity, which may explain the inverted relation
between aggregate productivity growth and level of educational attainments indicated by our
results. Of course, this relation cannot be interpreted causally: our methodological framework
say nothing about counterfactual outcomes. That is, our analyses do not solve the "productivity

puzzle", but rather highlight its complexity.

FIGURE 6 HERE

6 Conclusion

In this paper we have applied a new decomposition of productivity growth based on the economic
approach to index numbers to study the impact of intangible assets (IA) on productivity growth.
The decomposition was used to quantify the contributions to productivity growth from firm
dynamics and firm types according to the level of their [A-related activities, such as R&D, IP-
applications, ICT software investments and human capital (skill) level measured by educational
attainments of employees. Concentrating on two broad industry aggregates: three R&D-intensive
industries and the Mainland market industries, we found that [A-active firms are an important
driver of productivity growth in Norway, but that it is not necessarily increased IA-intensity per
se that drives productivity growth, but rather the complementarity between different types of

intangible assets, such as human skills combined with R&D- or ICT-capital.
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TABLES AND FIGURES

Table 1. Percentage share of: total R&D investments, ICT investments, IP applications, number of
employees and output and percentage share of firms with skilled and high-skilled workers. By
industry, firm size and firm-age. Averages over 2003-2018

Classification variable R&DY ICT? IP®  Empl. Outp.” Skilled® H-skilled”
Industry

Manuf. of chem., pharma, mach. & electr.?) 29 6 31 8 11 63 5
Other manufacturing 13 4 8 8 10 54 2
Electricity and power prod. 1 0 0 1 5 79 14
Water supply and waste 0 0 0 1 1 49 3
Construction 1 4 2 13 12 62 1
Wholesale and retail trade 5 20 13 25 20 58 2
Transport and storage 1 10 1 8 9 46 2
Accomodation and food services 0 1 0 6 3 47 2
Information and communication 28 38 4 6 9 84 18
Professional, scient. and techn. services 20 11 37 7 9 84 24
Other services® 1 6 4 17 12 69 12
Size group

Small (<50 employees) 10 44 69 47 46 64 8
Medium (50-250 employees) 79 20 13 22 22 63 7
Large (>250 employees) 11 35 18 31 32 65 7
Age group

<= 3 years 24 13 25 14 8 65 8
4-10 years 57 25 24 25 21 65 8
>10 years 18 61 51 61 71 65 7

Notes: Market industries in mainland Norway (i.e. excluding mining and extraction of crude
petroleum and natural gas; support activities for petroleum and natural gas extraction; transport via
pipeline; passenger ocean transport and freight ocean transport and primary industries). Limited
liability companies only. » Share of expenditures on intramural R&D. ? Share of activated
expenditures on ICT software. ® Share of patent or industrial design (IP) application. # Share of
number of employees. 9 Share of gross value of production. ® Share of firms that have workers with at
least post-secondary education 7 Share of firms that have workers that have higher tertiary education
or PhD. ® 2-digit NACE codes: 20-22 and 26-33 ¥ We have excluded firms in financial intermediation
and real estate activities.
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Table 2. Mean and median of key variables at the firm-year level®. All firm-years vs. firm-years
with R&D- activities? or IP applications.® Averages over 2003-2018

All firm-years

Firm-years with

Firm-years with

R&D-activity ?  IP-appl.?
Mean Median Mean Median Mean Median

R&D-active (dummy)? 0.024 0 1 1 0541 1
ICT- investment (dummy)? 0.162 0 0.326 1.00 0.273 1
IP -application (dummy)? 0.002 0 0.056 0 1.00 1
No. of employees 7.4 1 39.0 7 133.7 11
Labour productivity (mill NOK)® 0435 0359 0.460 0.414 0.621 0.578
Returns on assets”! 0.064 0.035 0.018 0.032 0.066 0.075
Capital intensity (mill NOK)® 1.319 0582 1615 0.834 2218 1.426
Ratio of |A relative to tangible capital serv.>  0.065 0 0.370 0.220 0.310 0.210
Firm-age 10.5 7 9.0 5 18.7 15
Start-up (dummy)*© 0.30 0 0.43 0 0.09 O
No of firms 419,704 11,339 1,550

Notes: Population of all limited liability firms in mainland Norway market industries, except firms in
primary industries, financial intermediation and real estate activities. YOne firm observed on one year.
2 Firms with registered expenditures on intramural R&D in the given year. ®Firms with patent or
design (IP) applications in the given year ¥ Dummy variable which is one if the firm has activated ICT
software expenditures in the given year. ® Dummy variable which is one in the given year if the firm
has at least one IP application. ® Value added per employee in NOK million (NOK 100 is appr. EUR
11 during 2003-2018). " Operating income divided by the book value of total assets. ®Tangible fixed
assets in NOK million per employee. ® Capital services calculated from the user price formula: see
Nilsen et al. (2008) for tangible capital, Section 3.2 in Rybalka (2009) for ICT (software) capital, and
Cappelen et al. (2012) for R&D capital. *YDummy equal to one if the firm age is equal to or less than

3 years old in the given firm-year.
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Table 3. Average output weights by IA type (R&D, ICT, human capital ), ordinal IA category (1,2,3)
and industry. All weights refer to the Mainland industries aggregate

IA type: R&D capital ICT capital| Human capital
IA category (b): 1 2 3 1 2 3 1 2 3
Manuf. of chem., pharma, machinery & electr .04 .07 .04| .06 .05 .03| .05 .06 .02
Information and communication .04 .05 .00 .03 .02 .05| .00 .07 .03
Professional, scientific and techn. services .06 .02 .01] .02 .04 .02| .01 .03 .05
Partial sum: R&D-intensive industries .14 .14 05| .11 .11 .11| .06 .15 .12
Other manufacturing .04 .03 .02| .06 .01 .01] .05 .05 .01
Electricity and power prod. .02 .03 .00/ .05 .00 .00| .00 .03 .02
Water supply and waste .01 .00 .00/ .01 .00 .00| .01 .00 .00
Construction .10 .02 .00| .05 .04 .02| .04 .07 .00
Wholesale and retail trade .18 .02 .00| .10 .07 .02| .10 .08 .01
Transport and storage .05 .01 .00| .03 .02 .00| .04 .02 .00
Accomodation and food services .03 .00 .00/ .02 .01 .00| .02 .01 .00
Admin, and support services .06 .00 .00| .03 .02 .01 .04 .03 .00
Education .00 .00 .00| .00 .00 .00| .00 .00 .00
Human health .03 .00 .00| .03 .00 .00| .01 .02 .01
Arts and entertainment .01 .00 .00| .01 .00 .00| .00 .01 .00
Other services .01 .00 .00| .00 .00 .00| .00 .00 .00
Total sum: Mainland industries .67 .25 .08 .51 .30 .19| .36 .47 .17

Notes: Weights are averages over t in 2003-2018 of s;; X S;pr = Vipe/V: (see eq. (14)).
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Figure 1: Total expenditures on intramural R&D and number of applications for IP (upper
charts); total activated and own-account (ICT) software (middle charts); and share of firms with
skilled and high-skilled workers (lower charts). By broad industry and year. All expenditures in
fixed 2018 prices. All Norwegian limited liability firms in the mainland market industries
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R&D-intensive industries
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Figure 2: Aggregate productivty growth 1996-2018 in the R&D-intensive vs. Mainland
industries. Decomposition without 1A categories (B = 1)
Note: See Table 3 for a listing of the industries in each aggregate
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Decomp. over time: R&D-intensive ind.

Decomp. over time: Mainland industries
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Figure 3: Aggregate productivty growth 2004-2018 in the R&D-intensive vs. Mainland
industries. Decomposition by ordinal R&D category (B = 3 categories). See Section 3.1 for

definition of the categories.

Note: See Table 3 for a listing of the industries in each aggregate
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Decomp. over time: R&D-intensive ind.
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Figure 4: Aggregate productivty growth 2004-2018 in the R&D-intensive vs. Mainland
industries. Decomposition by ordinal ICT category (B = 3 categories). See Section 3.1 for

definition of the categories.

Note: See Table 3 for a listing of the industries in each aggregate
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Figure 5: Aggregate productivty growth 2004-2018 in the R&D-intensive vs. Mainland
industries. Decomposition by ordinal human capital (skill) category (B = 3 categories). See

Section 3.1 for definition of the categories.

Note: See Table 3 for a listing of the industries in each aggregate

39




Weights by R&D category: R&D-intensive ind.

Weights by R&D category: Mainland industries

wn =
b —‘7’—;————{ @
-
§- §-
L =
- B =] S—
’ T r | | y r | |
2006 2009 2012 2015 2018 2009 2012 2015 2018
Year Year
R&D cat. 1 R&D cat. 2 R&D zat. 1 R&D cat. 2
R&D cat. 3 RED cat. 3
Weights by ICT category: R&D-intensive ind. Weights by ICT categery: Mainland industries
E

Year
ICT cat. 1 ICT cat. 2
— CTcat. 3
Weights by skill category: R&D-intensive ind.
=]
“ —_

2009 2012 2‘9‘15 2018

ICT cat. 1
ICT cat. 3

ICT cat. 2

Weights by skill category: Mainland industries

2006 2009 2012 2015

—— Skillcat. 1
————  Skillcat. 3

—— Skillcat. 2

2018

Figure 6: Output weights by ordinal 1A category for three types of IA. R&D- intensive industries

vs. Mainland industries
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