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Abstract

One leading explanation for the recent slowdown in productivity growth both globally

and in the EU is that firm-level investments into intangibles and knowledge creation

slowed down. Quantifying the role of these inputs into production requires both new

methodologies and new data sources. In this paper, we use a number of firm-level

surveys on innovation, R&D, intangible investments and ICT capital linked to bal-

ance sheet data to demonstrate how these data sources can contribute to productivity

measurement.
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1. Introduction

The relation between investments into intangible or knowledge-based capital (KBC,

see OECD, 2013) – defined here as the sum of knowledge and organization capital (e.g.
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Peters and Taylor, 2017; Ewens et al., 2019) – is key for a number of policy debates and

productivity measurement. A leading explanation for the slowdown in global and Eu-

ropean productivity growth concerns changes in innovation and intangible investment

(Byrne et al., 2016). Similarly interesting is the role of intangible investments in the

divergence between frontier firms and other firms (Andrews et al., 2016). Within coun-

tries, the duality between globally integrated and other firms may also be explained by

different stocks of intangible assets.

A key constraint of incorporating measures of intangible capital into productivity es-

timation is that researchers tend to lack accurate information on intangible investments

and stocks at the firm level. The main reason for this is that in accounting statements,

often used as the basis of investment statistics, a substantial share of intangible invest-

ments such as brands, innovative products, distribution systems and human capital are

handled as expenses rather than investments (Peters and Taylor, 2017). Fortunately,

many Statistical Offices around the World collect additional data for many years to com-

plement accounting data when reporting aggregate patterns. Recently such datasets

have become available, linked to other firm level information, for researchers. This

opens up a potential to use data for firm-level productivity measurement.

In this paper we link a number of firm-level surveys to firm financial information

in Hungary and document how such surveys can be used to quantify different aspects

in intangible investments. Our core dataset is an administrative panel of firm balance

sheets and profit&loss statements, standard data for productivity estimation. We link

this data to a number of surveys: (i) Investments, (ii) Innovation Survey, (iii) R&D

data and (iv) an ICT use survey.

These datasets have different conceptual and practical advantages and constraints.

Financial statements and accounting surveys attempt to capture all different types of

intangible capital, but miss many hard-to-measure in-house investments. The other

surveys focus on specific types of intangible capital: R&D and innovation surveys focus

(mainly) on knowledge capital, while the ICT use survey can be thought as a proxy for

a key type of organizational capital. Methodologically, one has to distinguish between

measures of investments into intangible capital and stocks of intangible capital. Most

of these datasets actually measure investments, and creating stocks requires a number

of assumptions. The key practical issue is that few of these datasets yield panel data for

a large set of firms. This is problematic both because production function estimation

requires panel data but also because this makes transforming flows to stocks harder.

Another practical issue is that often different sets of firms are sampled in the different
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surveys, limiting the opportunities to investigate different types of intangible investment

at the same time.

Following seminal contribution to this literature, at the most basic level, we dis-

tinguish between two basic types of intangible capital: knowledge and organizational

capital. Knowledge capital is defined as the set of practical knowledge at the firm, while

organizational assets are typically embodied in the firm’s key employees (Eisfeldt and

Papanikolaou, 2014).

Our theoretical framework follows the seminal work of Corrado et al. (2011), which

we extend from the macro to the firm level. This framework explicitly distinguishes

between physical and knowledge production as well as tangible and knowledge capital.

The main message of this framework is that standard production function estimation

may miss both some inputs and outputs of the firm, and the estimated productivity will

capture some of these omitted inputs and outputs. This framework help us to interpret

the different types of measures.

We use a number of approaches to document the relationship between the proxies for

intangible capital and productivity. We find that all these proxies tend to be positively

but not very strongly correlated with each other, suggesting that they capture different

dimensions of the same deep structures.

Regarding the intangible measure from the balance sheet we find that it plays a

significant role in the production function, with substantially smaller coefficient than

tangible capital. Interestingly, we find that the observed share of intangible capital

in Hungarian firms is substantially lower than what is implied by these coefficients.

This may be explained either by measurement problems or market imperfections when

financing such investments.

The investment survey complements balance sheet data. First, this may capture

dynamics better, and we find that capital measures created from these data actually

consist additional information compared to the balance sheet measures. Second, the

data from the investment survey allows one to distinguish between different types of

intangible capital, and we find that software, R&D and IP all plays a substantial role

in the production function.

The ICT use survey yields relevant measures about the use of this type of technology

in each firm. This is likely to represent both technological and organizational capital,

which usually remains unmeasured. By constructing indices from the many questions

in these data we find that ICT use is indeed strongly correlated with productivity even

after controlling for other measures of knowledge capital.
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The innovation survey includes data both on innovation inputs and outputs. This

allows us to model the knowledge production function, in which innovative sales are

on the left hand side and different innovative inputs are the explanatory variables.

We find that both R&D and non-R&D innovation expenses are similarly important in

generating innovations. The efficiency with which the firm can turn these inputs into

innovative outputs, which is analogous to the TFP in the output production function

can be interpreted as the innovativity of the firm (Griffith et al., 2006). We find that this

measure of efficiency in the innovation process is also strongly correlated with output

productivity. This may be either because these conceptually distinct measures capture

the similar deep firm capabilities or because innovativity is a proxy for the unmeasured

components of intangible capital.

This exercise indeed suggests that linking these different types of survey data to ac-

counting measures of immaterial capital is helpful in measuring competitiveness. How-

ever, these different information surveys are most useful if one is able to combine the

various surveys for the same firm. In addition, having multiple observations for the

same firm is key in calculating stocks from flows and in running panel models. These

observations support the view that Statistical Offices may consider methods with which

the same firm answers many surveys repeatedly, even if it leads to less representativity

and a more unequal statistical burden on different firms.

Our work is strongly related to the literature on intangible capital and productivity.1

The major challenge in this field is to properly measure intangible capital. Initially

the related papers focused only on R&D and patents (e.g. Griliches, 1979; Coe and

Helpman, 1995; Scherer, 1982). Then the literature gradually started to broaden the

components of intangible capital (e.g. Nakamura, 1999). (Corrado et al., 2005, 2009)

worked out a methodology to account for the entire intangible capital stock. They

suggest that tangible and intangible capital should be treated symmetrically, that is

all the used resources that are not consumed should be considered as an investment.

Corrado et al. (2005) introduced a list and categorization of intangible assets that is

still considered as the standard in the field, even several policy initiations, such as

INTAN-Invest, COINVEST, INNODRIVE and INDICSER, build on that. As a result,

data on country- and industry-level are constructed for the USA, Japan and most

of the European countries for several years. However, we need micro data to better

understand the macro-level developments. In particular, heterogeneity on the firm-

1For a detailed literature review on the impact of intangible capital on productivity see Roth (2019).
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level can explain variations in productivity.2 Moreover, firm-level analyses can help us

to isolate within and between firm improvements. There is a growing number of papers

on intangible capital using firm-level data. There are two major ways how paper on

this level account for intangible capital: either use expenditure data to derive the value

of missing intangible capital (e.g. Bontempi and Mairesse, 2015; De and Dutta, 2007;

Goldar and Parida, 2017) or use some supplementary data sources (e.g. survey data on

innovation as in Chappell and Jaffe (2018), investment and cost structure surveys as in

Kaus et al. (2020) or some labor data as in Piekkola (2016)).

Our main contribution to the literature is that we investigate productivity at the

firm-level based on a number of different data sources. We try out several approaches

using various related data sources. We exploit the strength of each data source mean-

while we draw attention to their limitations. We implement firm-level analysis which

adds to industry-level analysis for a number of reasons. First, this allows us to link

heterogeneity in productivity to heterogeneity in intangible capital. This level also al-

lows us to disentangle between within-firm improvements and reallocation, the two key

forces behind industry-level productivity growth. Aggregate level models also rely on

strong assumptions, which can be relaxed at the micro level.

In what follows, Section 2 describes our empirical framework Section 3 the different

datasets and variables we use, Section 4 the results while Section 5 concludes.

2. Our framework

2.1. Definitions

Intangible capital or Knowledge Based Capital includes assets “without physical

substance” (IASB, 2004). A simple but important classification divides intangible as-

sets into knowledge and organizational assets. Knowledge assets captures the stock of

practical knowledge available at the firm level. i.e. knowledge that is valuable for the

firm during it operations. Organizational capital can be defined as “embodied in the

firm’s key employees” (Eisfeldt and Papanikolaou, 2013).

Corrado et al. (2005) classified intangible assets into more detailed categories.3 Ac-

cording to this, knowledge assets fall into two categories: computerized information

2See for instance Ramirez and Hachiya (2008), who emphasizes the heterogeneous effect of intangible
investment on productivity.

3This categorization was built on the practice used by that competition agencies when evaluating
the worth of a company and tax guides for the valuation of financial assets after corporate M&As.
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and innovative property, while organizational capital and investment into consumers

are mainly captured by the economic competencies category.

These categories are further subdivided to a number of classes:

Computerized info. Innovative property Economic competencies

purchased software R&D advertising
own-account software design marketing research
databases financial innovation own-account organizational capital

mineral exploration purchased organizational capital
artistic originals training

This conceptualization clearly shows that simple measures are unlikely to capture

the richness of intangible capital. First, R&D, an often used measure, for example,

only captures a part of innovative properties. Second, while accounting statements

may capture relatively accurately purchased assets such as software developed by other

companies or goodwill of acquired companies, in-house investments into immaterial

assets are often treated as expenditures Peters and Taylor (2017).

2.2. Production functions and intangible capital

We start from the framework of (Corrado et al., 2011) which clearly distinguishes

between physical and knowledge production as well as physical and knowledge assets.

The model strongly distinguishes between two sectors: the knowledge producing and the

knowledge using (physical production) sector; and between three inputs: labor, capital

and knowledge. Knowledge assets and knowledge production may also include organi-

zational capital, therefore knowledge in this model can be interpreted synonymously to

intangible assets, as defined above.

Let us start with the knowledge producing sector, denoted by N . It is producing

a flow of commercialized “finished knowledge”, denoted by NN
t by using labor (LNt ),

capital (KN
t ) and (the stock of) basic knowledge (RN

t ):

Nt = FN
(
LNt , K

N
t , R

N
t , t
)

(1)

Since then the categorization changed slightly. Here we use the classification presented in Corrado
et al. (2018).
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The stock basic knowledge this sector uses (RN
t ) is determined exogenously, for ex-

ample by government financing of basic research in universities and research institutes.

Basic knowledge is assumed to be free for everyone to use. The term t captures all

other free factors (such as inspiration) that affect the production.

The knowledge using production sector, denoted by Y , produces consumption and

investment goods, denoted by Yt. It also uses three inputs: labor (LYt ), capital (KY
t ) and

(the stock of) finished knowledge4 (RY
t ) according to the following production function:

Yt = F Y
(
LYt , K

Y
t , R

Y
t , t
)

(2)

The finished knowledge the production sector uses is the stock of finished knowledge

accumulated from the knowledge producing sector’s output according to the following

law of motion:

RY
t = Nt + (1 − δR)RY

t−1 (3)

Relevantly, the stock of finished knowledge is commercialized and therefore produc-

ers can charge a positive price for it.

In this economy, the aggregate production function is the sum of the two production

functions, i.e.

Yt +Nt = F Y
(
LYt , K

Y
t , R

Y
t , t
)

+ FN
(
LNt , K

N
t , R

N
t , t
)

(4)

Standard approaches for aggregate production function estimation often use noisy

measures both in terms of knowledge production and knowledge capital. Therefore,

we observe Nt − ξt instead of Nt and RY
t − ζt instead of RY

t , while the basic stock

of knowledge is often omitted and absorbed by TFP. Therefore standard aggregate

production functions can be written up as:

Yt +Nt − ξt = F Y
(
LYt + LNt , K

Y
t +KN

t , R
Y
t − ζt, t

)
(5)

4this sector can also use basic knowledge which is thus captured by t in their case

6



The relative importance and dynamics of the measurement errors determine how

TFP dynamics are mismeasured. If, for example, knowledge capital is underestimated

to an increasing degree (i.e. ζt is increasing in time), its dynamics will be absorbed by

the measured TFP, and one will overestimate TFP growth. If, on the other hand, the

increase in Nt is underestimated, TFP growth will be underestimated.

Therefore, the direction and dynamics of measurement error is depends on the

relative dynamics of these errors, which is hard to quantify based on macro data.

Importantly improving the measurement only on the input or output side does not

necessarily reduce the error in TFP measurement.

We extend this model to the firm level. This raises a number of conceptual and

practical differences compared to the macro case. Most firms innovate and produce

knowledge every year. This knowledge, however, is not necessarily commercialized –

the key is that it is useful for the firm in the future. This relationship can be described

by the knowledge production function (KPF) relationship. This knowledge production

is linked to the inputs the firm allocates to knowledge production activities. R&D staff

and expenses are, naturally, part of these inputs. However, even in the absence of any

R&D activities, the workers of the firm can spend a substantial amount of time with

creating knowledge. Managers and technical workers may spend considerable time and

effort on understanding technical and market constraints and designing and introducing

new products and processes. Capital resources can also be used for experimentation.

The knowledge stock of the firm is an input into output production. Further, given

that the knowledge produced is not necessarily commercialized, we don’t make a dis-

tinction between basic and finished knowledge in the firm-level exercise, but assume

that the same knowledge stock, Rit, affects both knowledge- and output production.

The KPF for firm i is:

Nit = FN
i

(
LNit , K

N
it , Rit, t

)
(6)

The output production function is:

Yit = F Y
i

(
LYit , K

Y
it , Rit, t

)
(7)

The knowledge stock will evolve according to the law of motion:
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Rit = Nit + (1 − δR)Ri,t−1 (8)

The standard firm-level production function quantifies the relationship between all

the firm’s inputs and its output:

Yit + νit = F Y
i

(
LYit + LNit , K

Y
it +KN

it +Rit − ηit, t
)

(9)

Four differences arise relative to the true output production function. First, all the

firms labor and capital inputs are included as inputs. This will bias downwards produc-

tivity for firms which allocate substantial resources to knowledge production. Second,

knowledge capital, as typically measured from standard financial data, approximates

knowledge assets very noisily and most likely underestimates them. Therefore, as in the

macro case, knowledge capital is absorbed into the firm-level TFP. Third, the function

has a different functional form than the original ones: most importantly, it assumes

that the coefficient of the knowledge stock is the same as that of capital stock, which

may not be the case.5 Finally, the output is not properly taken into account, as we

measure not only the true output of the production function, but also some parts of

the output of the knowledge production function.

Note that in the firm-level case cross-sectional differences are of primary interest.

For example, comparing two similar firms, but with different levels of knowledge assets

will overestimate productivity differences.

Linked microdata has a potential to correct these problems to some extent. In

particular, we will apply a number of approaches to correct for these problems. First,

regarding the functional form issues it makes sense to distinguish between capital used

for production and knowledge. These two inputs should be included separately into

the production function with different coefficients. In section 4.2 we will augment

the production function with including different proxies for knowledge, including the

intangible assets from the balance sheet and survey measures of knowledge. Second,

one may attempt to measure the knowledge stock more precisely, with a smaller ηit.

We will attempt to propose and test different survey measures in Section 4.2.2. Finally,

modeling the knowledge production function explicitly would separate knowledge inputs

5It also assumes that labor and capital allocated to knowledge production has the same effect on
output as labor and capital allocated to output production.

8



and outputs from those in the physical production process. With understanding and

estimating Equation 6 one can potentially estimate Equation 7 instead of 9. We will

attempt to do this from different survey sources in 4.3.

3. Data and measures of intangibles

In this section we discuss in detail the different available datasets. Besides describ-

ing sampling and the main variables available, we focus on a few questions especially

relevant for our exercise. First, we discuss what is the conceptual interpretation of the

different variables and link them to the Corrado et al. (2005, 2018) type intangible cap-

ital classification and our framework from Section 2. Relatedly, we discuss the extent

to which stocks of intangible capital or only flows can be quantified. Finally, we discuss

the extent to which panel data can be created from the different datasets.

Table 1: Databases

Fin. statement Investment CIS R&D ICT

Frequency Yearly Yearly Bi-Annual Yearly Yearly
Time span 2000-2016 2006-2016 2004-2016 2004-2016 2010-2014
Unit of observation Firm x Year Firm x Year Firm x Year Firm x Year Firm x Year
Coverage All double-entry

bookkeeping firms
Stratified sample,
representative of
firms with at least
5 employees

Stratified sample,
representative of
firms with at least
10 employees

All firms with
R&D activities

Stratified sample,
representative of
firms with at least
10 employees

No. of firms in a
cross-section

25,0000 - 411,000 17,000-26,000 4,000-7,200 700-1,700 6,700-7,000

3.1. Corporate financial statement panel

The corporate financial statement panel of Hungarian firms is available yearly be-

tween 2000-2016. This is an administrative panel that is collected by the National Tax

and Customs Administration (NTCA) from corporate tax declarations. The database

includes the balance sheet and profit&loss statements of all double-entry bookkeeping

Hungarian enterprises. Additionally the database includes the industry code of the firm,

the number of its employees, its date of foundation, the location of its headquarters

and whether it is domestically- or foreign-owned for each year.

The database includes all variables used in standard production function estimation

including sales, material expenditures, the number of employees as well as different

measures of capital.
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Importantly from our perspective, besides tangible capital, it includes a measure

of intangible capital. It is available for all firm-years (even though it is often zero),

therefore a panel can very easily be created from it. Very usefully, similarly to the

tangible capital measure, this is a stock measure of capital.

This accounting measure aims to capture the entire stock of intangible capital.

However, mostly because of the characteristics of accounting principles and procedures,

this measure has a number of limitations in capturing the economic concept of intangible

capital. Notably, intangibles can only appear on the balance sheet of a company if their

value and useful lifetime are clearly identifiable. This generates three major issues. The

first issue is that acquired assets are much more likely to enter the firm’s balance sheet

because there value is clearly identifiable from the price the firm payed for it. In

contrast, assets developed in-house are less easy to price, therefore these investments

may only show up in the P&L statement as expenses, rather than as assets in the

balance sheet (Peters and Taylor, 2017).

The second, and strongly related, problem is that some classes of intangibles that

cannot be kept in the books as an intangible asset, depending on the accounting stan-

dard used. In Hungary the following classes of intangibles can be listed as intangible

assets on the companies balance sheet (Hungarian Government, 2000):6

• capitalized value of formation and restructuring expenses

• capitalized value of experimental development

• concessions and similar rights with the exception of rights attached to immovables

(e.g. lease rights, rights of use, trusteeship, rights of use of intellectual property,

licenses, concessions, gaming rights)

• intellectual property, which are industrial property rights (e.g. patents, utility

models, designs rights, know-how, trademarks, geographical indications, trade

names), copyrighted works and neighboring rights (e.g. software products and

engineering plans), assets without legal protection but monopolized through se-

crecy

• goodwill

6Firms report their intangible assets itemized according to this classification, however for us only
the total amount of intangible assets is available but not its decomposition.
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While this list is long, many economically important classes of intangibles are omit-

ted from it due to their ambiguous and discontinuous nature making their value or

lifespan uncertain, subjective and thus manipulable. If we compare the Corrado et al.

(2005, 2018) type classification to the accounting definition of intangible capital, we see

that the latter only covers computerized information and partially the innovative prop-

erty categories but fully misses economic competencies and many types of investment

into knowledge, including basic and applied research or the cost of product develop-

ment.7

The third major problem is that even if an asset enters the balance sheet as an

intangible asset its value in the books does not necessarily reflect the economic value

of the incorporated assets. There are several reasons for this discrepancy. First, the

value is often only partially capitalized as intangible assets while some of the costs are

accounted as expenses. Second, the evolution of the stock value created by following

accounting principles and the depreciation rules may not reflect changes in the economic

value of the asset. Corrections based on the perpetual inventory method can only help

to a limited extent given that very little information is available about the particular

immaterial objects and the evolution of their value. In addition, the market price is often

uncertain, making the valuation ambiguous and volatile. Assets with well functioning

markets, such as concessions and similar rights as well as some types of intellectual

property are partial exceptions for this.

To sum up, accounting intangible assets are clearly a key variable given that it is

available for nearly all firm years, may be strongly correlated with economic intangibles

and represents a stock. But, thanks to the limitations we have just discussed, survey

information may complement it strongly.

3.2. Investment (Annual investment survey)

The Annual Investment Survey complements the intangible capital stock with more

detailed information on investments into intangible capital.

The data on investment is available annually between 2006 and 2016. The database

is collected by the Central Statistical Office (CSO) based on harmonized EU standards.

It covers a representative sample of firms with at least five employees.8 In each year

7Out of R&D cost only the direct cost of experimental development can be capitalized, while
the costs of basic and applied research, moreover the indirect costs and overhead of experimental
development are left out from the intangible assets of the balance sheet. In addition, other product
development and design are neither part of the booked intangible assets.

8It contains all firms with at least 20 employees (except for non-profit organizations) and a repre-
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between 17,000 and 26,000 firms appear in the sample, out of which around 61% can

be matched with the financial statement panel.

This database contains information on investment both into tangible and intangible

assets. For the most part, it covers investment into those intangible types that are

eligible according to the accounting rules (except for rights attached to immovables9

and capitalized value of formation and restructuring expenses10). This dataset, such

as it is, does not ameliorate the imperfect cover of the intangible asset types in the

balance sheet. However, it complements intangible measure of the balance sheet in

two dimensions. First, it measures flows, so it could help in building better stocks.

Second, we can observe the assets at a more disaggregated level.In particular the fol-

lowing categories are reported: (i) cost of mineral exploration; (ii) purchased computer

software; (iii) purchased computerized database; (iv) own-account computer software;

(v) own-account computerized database; (vi) license, know-how; (vii) artistic originals;

and (viii) other intangibles.

From the Investment Survey we create five flow measures of intangible inputs. These

include two indicators for the firm having software and data investment (both self-

processed and purchased), and having license investment. We account for investment

intensity in the previous two categories by using the yearly real investment value per

number of employees. Furthermore, we also include the share of total intangible in-

vestment to tangible investment. Additionally, we create two flow measures of tangible

inputs being complements to intangibles: an indicator and an intensity measure of

tangible ICT investments.

In line with the analysis of (Kaus et al., 2020), we create an intangible capital stock

measure using data on investment and R&D. We take three investment measures: (1)

investment in software and data (including both self-processed and purchased) and (2)

investment in licenses from the investment survey, and (3) expenditure on internal R&D

(personnel and material costs, services received and other costs) and R&D investments

in machines from the R&D data. While we also have data on other types of R&D

investments (buildings, software and licenses), machines accounts for the largest part

of total R&D investments, and we also exclude software or licenses to avoid double

sentative stratified sample of firms with 5-19 employees.
9Rights attached to immovables are booked in the balance sheet as tangible asset, however classified

as intangible asset in the investment survey.
10Capitalized value of formation and restructuring expenses belongs to the intangible assets in the

balance sheet, however not reported as intangible investment in the investment survey.
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counting. We deflate each investment measure (software, licenses and R&D) using the

gross fixed capital formation deflator from OECD STAN, then winzorize the real values

at the 1st and 99th percentile by year. If there is a single year when investment or

R&D data is missing, we impute the missing observation as the average of the values

in the previous two and next two years.

We use the perpetual inventory method to get capital stock data from each of the

three investment measures, as described in (Kaus et al., 2020). We define the initial

capital stock as
3∑
t=1

Iit
d+ gj(i)

, (10)

where t = 1 is the first year when the firm is observed in the data, Iit is real investment

or expenditure of firm i in year t, d is the depreciation rate (0.33 for software investment

and 0.2 for license investment and R&D based on (Corrado et al., 2009)), and gj(i) is

the average growth rate of investment in the 2-digit industry j of firm i over the whole

period. Then we calculate the capital stock K in year t for each of the three measures

in a sequential way:

Kit = (1 − d)Kit−1 + Iit. (11)

Finally, we calculate the intangible capital stock as a sum of software, licenses and R&D

capital stock.

3.3. CIS (Community Innovation Survey)

The Community Innovation Survey (CIS) starts from a different viewpoint, asking

whether the firm introduced new products or processes and tries to understand the

different inputs used for these innovative activities. As such, this provides conceptually

different measures for measuring knowledge capital.

The CIS is conducted by Eurostat bi-anually since 2002. The surveys are carried out

by EU member states and number of ESS member countries. We use the data related to

Hungary collected by the CSO. It covers a representative sample of manufacturing and

service firms with at least 10 employees in the economy.11 The data covers around 4,000

firms in 2004 and more than 7,000 in 2014. 92% of the observations can be matched

with the financial statement panel.

This survey uses a broad definition of innovation. In particular it considers the

11It contains all firms with at least 100 employees and a representative sample of firms with 10-99
employees.
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introduction of products/technologies which are new or significantly modified from the

viewpoint of the firm, but are not necessarily new for the market. The questions always

refer to the firms’ innovation activities during the previous three year.

The survey inquires about four innovation types: process, product, organizational,

marketing. While process and product innovations are mostly related to innovative

property, organizational and marketing innovations clearly reflect capabilities and or-

ganizational capital. Also asks about the novelty of the innovation: in-house R&D, new

for the market, new to the country, developed by the firm or was adopted, which may

inform us in more detail about the value of the innovative assets.

A key conceptual advantage of the CIS is that it measures both innovation inputs

and outputs. Both are measured in theoretically sound ways: inputs include both R&D

and other innovation inputs, while outputs ask about the actual introduction of new

products and processes. The value of innovations can be proxied by their novelty value

(new for the firm, the market or the firm) or the share of innovative products in sales.

Having separate measures for inputs and outputs actually allows us to estimate

the knowledge production function from these data, which links innovative inputs to

innovative outcomes. When constructing knowledge capital, one can rely on both input

and output measures, though output measures may be closer conceptually to the actual

increase in knowledge capital. This is a key advantage compared to purely R&D data,

which only quantifies investments and not the extent to which they contribute to the

knowledge stock.

A practical advantage of these data is that one can build a quite substantial panel

from a decent number of firms. This is very useful for productivity estimation but

also carries the possibility of estimating knowledge stocks from the flows. The set of

these firms is not random, however: they are more likely to be large and innovative.

Therefore, it is hard to use these data to analyze differences between innovative and

non-innovative smaller firms.

From the CIS data we use four flow measures of intangible inputs: indicators and

intensity measures (real value per employee) of R&D investments (both internal and

external) and other non-R&D innovative investments. The latter includes machinery,

building, software, purchase of other external knowledge, and most importantly also

design, training and marketing. The last three categories are considered as innovative

property or economic competencies in the intangible asset categorization of (Corrado

et al., 2005), but these are not included in the intangible capital measure of the balance

sheet or in the investment data. As a flow output measure we use the share of sales
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from innovative products (new either to the market or to the firm).

3.4. R&D dataset (Survey on Research and development in enterprises)

R&D data measure a key input into knowledge creation in much detail compared to

the other data sources. Also, compared to the CIS, it has a substantially more complete

coverage.

Data on R&D is available annually between 2004 and 2016. The database is collected

by the CSO. This is a full-coverage survey, since all firms with R&D activity are required

to fill it in. It means between 700 and 1,700 firms in a given year out of which 89%

can be matched with the financial statement panel. Based on this information, one

can reasonably assume that firms not submitting in a year did not conduct R&D.

Therefore, with this simple imputation, one can create a full panel of R&D activities

for the universe of firms.

This dataset can measure the R&D part of the innovative property category in Cor-

rado et al. (2005, 2018). It covers basic research, applied research and experimental

development, while intangible asset in the balance sheet contains only experimental de-

velopment. Conceptually, that is an input into innovation and knowledge creation. The

particular input measures in the database include: (i) the number of R&D personnel;

(ii) R&D expenditures; and (iii) investment into assets used for R&D activities. The

R&D data also include information on some outputs of the R&D activities, including

new patents and publications. Conceptually, these are outputs of the R&D activities,

but are often inputs into innovation. A publication may well represent a research result

which was not used actually in business. Moreover, there are knowledge investments

that are not patented nor linked to publications (see more on this issue for instance in

Greenhalgh and Rogers (2010)). Furthermore, there is no price for any of these output

measures such we cannot measure their value.

R&D spending is clearly a flow measure, therefore one has to capitalize them to

calculate a proxy for this type of intangible capital. Given that the administrative data

collection process yields a full panel of flows, stocks can be calculated by relying on

different depreciation rates. In what follows, we rely on two flow measures of intangible

inputs and a flow measure of intangible output from this survey. As input measures we

create an indicator for the firm conducting R&D in house and measure R&D intensity

as the real value of total R&D cost per employee. As an output measure we use the

number of patents granted per year.
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3.5. ICT use (Survey on quantitative and qualitative data of the information and com-

munications technology stock)

This survey measures various dimensions of ICT usage. ICT assets have been sug-

gested to be an essential type of intangibles. Corrado et al. (2005, 2018), for example,

includes software and databases into their intangible measure, both of which categories

are also included in the intangible asset of the balance sheet. In addition, ICT use also

informs us about organizational capital to the extent that it reflects the ICT capabilities

of the firm both in its internal operations and in terms of its relationship with suppliers

and buyers. With the data from this survey one can capture additional components of

ICT intangibles.

Survey data on ICT usage is available annually between 2010 and 2014. The survey

is harmonized at the EU level. In Hungary the data collection is conducted by the

CSO. The data covers a representative sample of firms with at least 10 employees. It

contains between 6,700 and 7,000 firms in each year. 91% of the observations can be

matched with the financial statement panel.

This survey is about technology usage: for example, has the firm adopted different

technologies, does it use a range of information technology solutions when managing

its consumers of suppliers. These questions represent levels of ICT capital, rather than

flows into it, therefore there is no need to convert flows to stocks.

A key limitation of the survey is its limited comparability across years. The survey

is adapted to changing technology each year, therefore the questions differ across years.

There are some core topics that are present in each year, but the specific questions

change from year to year. There are also topics that are specific to one or few years. As

we will describe in detail, one solution for this problem is to create indices. A further

advantage of indices is that they can reduce the dimensionality of information from a

large number of questions.

From the ICT survey we create indicators of providing IT training to employees,

use of website, social media, cloud computing, ICT use in within-firm processes (e.g.

ERP, CRM, RFID) and in communication with buyers or suppliers (e.g. e-commerce).

Clearly, all of these indicators shed light both on computerized information assets and

economic competencies. We define these indicators in the following way. First, we se-

lect a few topics that we suspect that can influence productivity. These topics are the

following: (i) own website (questions about the facilities of the firm’s own website), (ii)

internal information sharing (question on the applied technologies for facilitating infor-

mation share within the enterprise, in particular Enterprise Resource Planning (ERP),
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Customer Relationship Management (CRM), Radio-frequency identification (RFID)

and electronic and automatic share of orders within the enterprise), (iii) external infor-

mation share (question related to the applied technologies for facilitating information

share outside the enterprise, in particular electronic sharing of information on supply

chain management, electronic transmission of data suitable for automatic processing

and e-commerce), (iv) social media (questions about the usage of social media), (v)

cloud computing (questions on the usage of cloud computing) and (vi) IT training

(questions about IT training availability for the workers). We call the first three topics

core topics, because they are available in each year. The last three topics are only

asked in some of the years, in particular social media is available in 2013 and 2014,

cloud computing is accessible in 2014, while IT training is available in 2012 and 2014.

Next, we create indices separately for each topic at the firm-year level by counting

positive answers. All of these indices can take values between 0 and 1, with higher

values representing more extensive use of ICT.

Own website: Questions about the own website of the firm are surveyed in all

year. The related questions are polar questions asking if some services are available on

the own website of the firm12 and in 2014 there two additional questions13. We calculate

a score from these questions such that we add up the number of questions to which

the firm answered yes and divide by the total number of options in the given year (i.e.

seven in years 2010-2013 and nine in 2014). Firms without an own website or with a

website that has none of the questioned facilities, thus get a score 0, while firms with a

website that provides all of the questioned services get a score 1. So in this sense this

score is a proxy for how comprehensive the website of the firm is.

Internal information sharing: There are questions related to the automated in-

formation sharing within the enterprise in each year, with a somewhat different set of

questions each year. The topic consists of four subtopics: First, there are questions

about the functionalities of the firm’s CRM system.14 These questions are available in

121. Online ordering or reservation or booking, 2. Description of goods or services, price lists, 3.
Advertisement of open job positions or online job application, 4. Personalizes content on the website
for regular/repeated visitors, 5. Possibility for visitors to customize or design online goods or services,
6. A privacy policy statement, a privacy seal or a website safety certificate, 7. Tracking or status of
orders placed

131. Links or references to the enterprise’s social media profiles, 2. Electronic submission of com-
plaints (i.e. via e-mail, web form, etc.)

141. Managing the collection, storing and making available information about customers to various
business functions, 2. Managing the analysis of information about customers for marketing purposes
(e.g. setting prices, sales promotion, choosing distribution channels)
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all years except for 2011. Second, there is a single question asking if the enterprise uses

ERP software package. This question is also surveyed in all years with the exception of

2011. Third, there are questions asking with whom does the firm share electronically

and automatically sales and purchase orders.15 These questions are available between

2010 and 2012. Finally, in 2011 and in 2014 the survey also asks about the function-

ality of the firm’s RFID instruments.16 All the above questions are yes-no questions.

We compress these information such that we sum up the number of positive answers

provided by the firm in each year and divide by the total number of related questions

available in the given year (i.e. nine in 2010, 2011 and 2012, three in 2013 and six

in 2014). This measure indicates the degree to which internal information sharing is

automatized.

External information sharing: Questions related to external information shar-

ing are available in each year, however, there are differences in the questions asked in

the different years. There are three sub-theme that we include in this topic: First, there

are polar questions about the purpose of electronically sending or receiving information

in a format that allows automatic processing.17 In 2010 all four questions, while in

2011 and 2012 only two out of the four questions are included in the survey. Second, in

2010, 2012 and 2014 the survey asks if the enterprise shares supply chain management

information electronically. Finally, there are questions related to e-commerce. Here we

construct four dummy variables in each year: a) E-purchase: which takes the value 1 if

in the preceding year the firm placed orders for goods or services via a website or Elec-

tronic Data Interchange (EDI) type messages, and 0 otherwise.18 b) E-purchase share:

which gets value 1 if the ratio of the amount of orders that were sent electronically

to the amount of the total purchases was 1% or more in the preceding year, and gets

151. Sales order shared with the management of inventory levels at the firm, 2. Sales order shared
with the accounting of the firm, 3. Sales order shared with the production or services management of
the firm, 4. Sales order shared with the distribution management of the firm, 5. Purchase order shared
with the management of inventory levels at the firm, 6. Purchase order shared with the accounting of
the firm

161. For product identification after the production process (e.g. theft control, counterfeiting,
allergen information), 2. part of the production and service delivery process (e.g. monitoring and
control of industrial production, supply chain and inventory tracking; service , maintenance or asset
management), 3. Person identification or access control

171. Sending orders to suppliers (only in 2010), 2. Receiving orders from customers (only in 2010),
3. Sending or receiving product information (e.g. catalogues, price lists) (in 2010, 2011 and 2012), 4.
Sending or receiving transport documents (e.g. consignment notes) (in 2010, 2011 and 2012)

18Information comes from the question “In the preceding year, did your enterprise place orders for
goods or services via a website or EDI-type messages?” which is available in each year.
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0 otherwise.19 c) E-sales: which gets value 1 if in the preceding year the enterprise

received orders for products or services via computer networks (via a website, EDI-type

systems or other means of electronic data transfer excluding manually typed e-mails).20

d) E-sales share: which takes on the value 1 if the ratio of turnover realized from orders

via computer networks to total turnover was 1% or more in the preceding year, and

otherwise takes on the value 0.21 We sum up the number of yes answers in the first

two subtopics and the number of dummies with a value 1 in the e-commerce subtopic

and divide by its maximum in the given year (nine in 2010, six in 2011, seven in 2011,

four in 2013 and five in 2014). The indicator that we get measures the extent of the

electronic information share outside the firm.

Social media: This topic is surveyed in 2013 and 2014. There are two types of

related questions. First, there are three yes-no questions asking if the firm uses some

platforms of social media.22 Second, there are six polar questions about the aim of using

social media.23 All former types of questions are available in both years, while the latter

type of questions are available only in 2013. We create a score based on these questions

such that we sum up the number of yes answers for each firm-year observations and

divide by the total number of related questions (i.e. nine in 2012 and three in 2014).

This score thus indicates on what scale the firm utilizes social media.

Cloud computing: Questions about cloud computing are accessible only in 2014.

There are polar questions about the purpose of purchasing cloud computing services.24

19The information is available directly as a polar question in 2014, while in the other years there are
multiple questions asking if the share falls into some intervals (1%-5%, 5%-10%, 10%-25%, 15%-50%,
50%-75%, more than 75%) from which we construct this dummy.

20This question is available in this form as a yes-no question in 2010, in the other years yes-no
questions are asked separately for via a website and via EDI-type messages, that we consolidate into
a single dummy.

21In each year the survey ask for the amount of the turnover in the preceding year resulting from
orders received that were placed via a website and via EDI-type messages. We divide it by the amount
of total turnover that is available from the financial statement. By using the obtained share we can
construct the dummy.

221. Enterprise’s blog or microblogs (e.g. Twitter, Present.ly), 2. Multimedia content sharing
websites (e.g. YouTube, Flickr, Picasa, SlideShare), 3. Wiki based knowledge sharing tools

231. Develop the enterprise’s image or market products (e.g. advertising or launching products),
2. Obtain or respond to customer opinions, reviews, questions, 3. Involve customers in development
or innovation of goods or services, 4. Collaborate with business partners (e.g. suppliers) or other
organizations (e.g. public authorities, non governmental organizations,), 5. Recruit employees, 6.
Exchange views, opinions or knowledge within the enterprise

241. E-mail (as a cloud computing service), 2. Office software (e.g. word processors, spreadsheets)
(as a cloud computing service), 3. Hosting the enterprise’s database(s) (as a cloud computing service),
4. Storage of files (as a cloud computing service), 5. Finance or accounting software applications (as a
cloud computing service), 6. CRM (software application for managing information about customers)
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We calculate a score from these questions such that we add up the number of questions

to which the firm answered yes and divide by the seven (the total number of available

options). Thus, those firms get 0 score that do not purchase cloud computing for any

of the listed purposes, while those get a score 1, that purchase cloud computing for all

the questioned purposes. This score is thus a proxy for how extensively do the firms

use cloud computing.

IT training: Questions about IT training are available in 2012 and 2014. There are

two questions about IT training.25 We compress this information such that we create

a variable that takes value 1 if in the given year the firm answers yes to any of the

questions and 0 otherwise. So this measure is in fact a dummy indicating if the firm

provided any IT training for its employees.

So as a result we got six indices, one from each topic. In order to reduce the

dimensionality of the available information further we create a single measure which

is our main ICT measure. For this, we use only the core topics. We use principal

component analysis (PCA) to compress the three topics into a single component. We

run the PCA pooled across years. We get that the loadings are 0.564, 0.564 and 0.604

for website, internal information share and external information share, respectively. So

that means that all of our topics add positive weights with a similar order of magnitude

to the first component. The Kaiser-Meyer-Olkin measure of sampling adequacy is

0.643 suggesting that the data is suitable for PCA. We compute the scores of the

first component which we call the ICT component. This variable thus compresses

information of the three core topics. The ICT component has a mean of 0 and a

standard deviation of 1.317.

3.6. Cleaning and merging

Data cleaning is an important preparatory step in our analysis. In the corporate

financial statement panel we smooth financial variables and employment values from

one-time large jumps in either direction when these are followed by a similar large jump

in the opposite direction the next year. As these are likely to come from data errors, we

impute the average value of the previous and following years. We also use imputation

to handle missing values between two years with non-missing values. For continuous

(as a cloud computing service), 7. Computing power to run the enterprise’s own software (as a cloud
computing service)

251. IT Training provided for IT specialists, in the preceding year, 2. IT Training provided for other
persons employed, in the preceding year
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variables we replace the missing value by the average of the previous and subsequent

values while we use the value from the previous year for categorical variables.

We deflate monetary values using price indices from OECD Structural Analysis

(STAN) databases at the 2-digit industry level, with 2010 as the base year. We deflate

value added with the value added deflator (VALP), capital stock and investment values

with the gross fixed capital formation deflator (GFCP), intermediate inputs with the

intermediate inputs deflator (INTP), and sales and other nominal values (e.g. wages)

with the production deflator (PRDP).26

We apply the perpetual inventory method to clean the capital stock. First, we cal-

culate investment (Iit) values from the changes in capital stock (Korig
it ) and depreciation

(Dorig
it ) values provided in the balance sheet data with the following equation:

Iit = Korig
it −Korig

it−1 +Dorig
it (12)

Then we calculate depreciation rates for each firm-year (dorigit =
Dorig

it

Korig
it−1+Iit

) assuming

that investment occurs in the beginning of the period if net investment is positive27.

Finally, we calculate modified capital stock values (Kit) in a recursive way, using the

following equation:

Kit = Kit−1 −Dit|j + Iit (13)

with the first capital stock value from the balance sheet data as Ki0 = Korig
i0 , investment

values (Iit) calculated before, and Dit|j = djt(Kit−1 + I+
it ), where djt is the median

depreciation rate of the 1-digit industry of firm i in year t and I+
it = Iit if the net

investment Iit is positive, otherwise I+
it = 0. In this way we smooth the accounting

differences in how firms depreciate their capital stock.

We use 2-digit industry classification, harmonizing the industry codes to the Hun-

garian classification TEAOR08, which corresponds to NACE Rev.2. We use 4-digit

correspondence tables, and choose the most frequent category when the match is am-

biguous. To clean the industry code data, we ignore those switches when the firm

switches to a different industry for 1-3 years and than switches back to the original

category.

Throughout our analysis we consider both manufacturing and services, but we ex-

26https://stats.oecd.org
27If the calculated investment Iit < 0, then we use dorigit =

Dorig
it

Korig
it−1
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clude agriculture, forestry and fishery (NACE 1-3), financial services and insurance

(NACE 64-66) and non-market services (NACE 53, 84-94, 96-99). From our estimation

sample we also drop those firms which have ever been classified as non-profit or as a

budgetary institution. In the estimation sample we only keep firms with at least five

employees, as the financial data reported by small firms are much less reliable, making

productivity estimation imprecise.

From the surveys (investment, R&D and CIS) we deflate monetary data using the

production deflator of OECD STAN. We can merge the data from all the five data

sources using a unique firm identifier, the tax number of the firms. In our study we

only use the subsample of firm-year observations (i) for which we have balance sheet

data, (ii) which have at least five employees and (iii) for which all the variables needed

to estimate TFP are non-missing. Table A1 shows the yearly number of observations

in the different surveys and their overlaps. Table A2 addresses the panel structure of

the surveys, showing the extent of overlap across years, which is between 60-75% in

most cases. In the surveys there is oversampling from firms being larger, operating

in manufacturing and – to a lesser extent – being foreign owned.28 This pattern is

especially strong in the CIS and ICT surveys, and it gets even stronger if we consider

the overlapping sample across surveys or across years. Table A3 shows the precise

numbers. If we look at those observations which are included in all three surveys both

in year t and t-2, we find that more than 75% of these firms have 100 or more employees,

more than 75% operates in manufacturing and more than 50% is foreign-owned. These

are large numbers compared to the population of firms covered by the balance sheet

data.

3.7. Production function estimation

We estimate production functions and calculate total factor productivity (TFP) by

2-digit NACE categories, using the state-of-the-art method of (Ackerberg et al., 2015).

We assume a Cobb-Douglas production function:

lnV Ait = βjl ∗ lnLit + βjk ∗ lnKit + δjt + εit, (14)

V Ait stands for value added of firm i operating in industry j in year t measured as the

sum of sales and own work capitalized minus materials. Lit is labor measured as the

28Imbalance by ownership and industry might be the result of stratification by size, while imbalance
by size is mainly due to the fact that the investment survey and CIS contain a sample of smaller firms
and the population of larger firms.
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annual average number of employees, Kit is capital stock, δjt are industry-year dummies

and εit is the residual. In the baseline version we include the sum of tangible and

intangible capital stock provided in the balance sheet data as the measure of capital.

The TFP is simply calculated as the sum of the residual and the year fixed effects:

T̂FP it = lnV Ait − β̂jl lnLit + β̂jklnKit (15)

We clean the resulting TFP measures from outliers with a procedure which corre-

sponds to the standard OECD practice. We drop firms which are ever in the highest

or the lowest percentile of industry-year specific TFP level. We do the same for TFP

growth. When we create the percentiles we only consider firms with at least five em-

ployees. We also drop outliers having higher than 1.5 TFP growth in absolute values.

As a robustness check, we also replicate some of our descriptive results using labor

productivity, defined as value added divided by the number of employees.

3.8. Summary: our measures for intangible capital and investment

The different surveys yield a number of conceptually and empirically very different

measures. Conceptually, the balance sheet and the investment surveys attempt to

quantify a large set of immaterial assets, but the available information and accounting

methodologies still limit the type of assets that can be captured. The R&D survey

captures a key output of investment into knowledge. The CIS starts from a very different

conceptual basis, measuring many inputs and outputs of innovation or useful knowledge.

Finally, the ICT use survey focuses on a set of assets, organizational solutions and pieces

of knowledge which measure the firm’s capabilities in using some key technologies.

Empirically, a key distinction is between flow and stock measures. There is also a

substantial tradeoff between the coverage and the depth of databases, which becomes

especially severe when one attempts to use panel data approaches.

Table A4 and A5 displays a first unified picture of all the various measures by

presenting the strength of co-movement between the different intangible measures.29,30

Each cell shows the estimated t-value from separate regressions, in which the column

variable is on the left-hand side and the row variable is on the right-hand side. We

control for firm size (log # employees), industry, year, county and region-industry

effects. Intangible measures on the right-hand side are standardized, so that we estimate

29We take the logarithm of the monetary values and of the number of patents.
30We present descriptive statistics of the variables used in Table A6.
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comparable coefficients for the same left-hand side variable (i.e. within a column).

Cells being darker show more significant estimates, the red ones indicating a positive

and the green ones a negative co-movement. Numbers in bold refer to estimates being

statistically significant at the 95% level.

Our results suggest that in general there is a positive co-movement across the various

intangible measures, the majority of the estimated coefficients is significantly positive.

The co-movement within a survey tends to be somewhat stronger than across surveys.

Key to our exercise, these correlations are not especially high, showing that each of

the variables has a healthy amount of independent variation. Conceptually, this shows

that the different dimensions and measures of intangible capital are sufficiently different

from each other. Empirically, this allows us to include several variables to the same

regression, allowing for distinguishing between the effect of different factors.

4. Results

We present our results in several steps based on the framework presented in Section

2. First, in Section 4.1 we start with presenting how the different measures of intangi-

ble capital and investment are related to the TFP estimated from standard production

functions. This exercise may by suggestive about which measures are the most promis-

ing in terms of accounting for the role of knowledge and other intangible investments

in production – but it is conceptually problematic given that intangibles are omitted

when estimating the standard production function in the first step.

In Section 4.2 we attempt to explicitly account for the role of these intangible

capital items as inputs by augmenting the production function estimation with these

measures. In Section 4.2.1, we augment the production by distinguishing between

tangible and intangible assets and estimating separate coefficients for the two types of

capital. To investigate whether the information from the different surveys can capture

some intangibles missing from the accounting measures, in Section 4.2.2, we further

augment the production function with a number of measures from the different surveys.

While these approaches take into account the mismeasurement of capital inputs

in the production function, they do ignore the insight that firms innovative outputs

are also mismeasured (Section 2). In Section 4.3 we will attempt to model this issue

by estimating knowledge production functions or the relationship between innovation

outputs and knowledge inputs.
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4.1. First look: how intangible capital measures are associated with TFP?

As a baseline exercise we look at how the various intangible measures created from

the different surveys and presented in Section 3.8 co-move with productivity. We run

similar regressions as in Section 3.8, with productivity measures on the left-hand side.

We use both labor productivity and total factor productivity estimated as described in

Section 3.7. Intangible measures on the right-hand side are standardized.31 Each cell

presents t-values of some intangible measure, each obtained from different regressions.

These values thus demonstrate the statistical and not the economic significance.

The first two columns of Table 2 show that almost all intangible measures are sig-

nificantly positively correlated with productivity, with investment measures having the

highest significance. As expected, the stock of intangible assets is more strongly corre-

lated with labor productivity then with TFP. This is because the stock of intangibles is

positively correlated with the stock of physical assets. Still, TFP is positively correlated

with nearly all intangible measures.

Starting with innovative inputs, we find that both indicators showing whether the

firm spends on R&D in-house and R&D intensity are strongly positively related to

labor productivity but has a weaker relationship with TFP. The number of patents is

not a strong predictor of productivity. Patents are not a good proxy for the typical

innovative output of emerging economies where most firms do not have patents. We

also find that non-R&D (other) innovative investments, calculated from the CIS, have

a similar association with productivity to R&D, which confirms the importance of non

R&D-inputs in innovative investments.

In terms of investments, R&D and software investments are both strong predictors

of productivity, independently of the way it is measured. From ICT assets, those

mapping internal firm capabilities, ICT training and internal ICT use co-move strongly

with productivity. Also important is ICT use in managing buyer-supplier relationships.

When we look at manufacturing and services separately in columns 3-6, we find that

the overall patterns are similar but somewhat weaker in services, especially when we

consider TFP. Intangible capital seems to play a larger role in determining manufac-

turing firms productivity.

31We use the (t-2) lagged values of intangible inputs from the CIS, and the average of (t-1) and (t-2)
of intangible inputs from the R&D and investment data, to allow for a time lag between innovative
investments and its effect on production.
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Table 2: Correlation between productivity and intangibles (t-statistics)

Sample

labor prod TFP labor prod TFP labor prod TFP

Has in-house R&D 12.9 -1.2 7.7 1.5 10.1 -2.1

R&D cost per capita 15.9 -0.3 11.3 2.0 11.8 -1.4

# of patents 3.2 1.7 2.7 1.7 1.8 -0.2

Has ICT investment 24.6 7.2 14.5 4.0 23.2 10.4

Has software & data inv. 34.5 13.5 17.0 9.0 26.6 10.3

Has licence investment 12.5 4.5 11.0 3.0 9.0 2.9

ICT investment per capita 33.7 12.5 17.3 9.5 29.7 12.6

Software & data inv. per cap. 37.9 14.6 24.0 14.5 28.5 9.7

Licence investment per capita 14.8 4.9 11.0 2.5 11.2 3.4

Immaterial investment share 17.4 8.0 5.7 2.5 16.8 7.2

Has innovative R&D inv. (CIS) 10.6 2.7 5.5 3.0 5.4 -0.5

Has other innovative inv. (CIS) 12.0 2.8 14.0 5.0 6.6 0.0

Innovative R&D inv. per capita 13.3 4.3 7.5 5.0 7.6 0.7

Other innovative inv. per cap. 7.8 4.2 9.6 6.5 1.2 -0.1

Has ICT training 13.1 8.0 9.4 5.4 8.1 5.2

Has a webpage 9.3 -0.1 7.0 0.1 6.3 0.3

Uses social media 4.7 1.5 3.2 1.4 4.2 1.5

Uses cloud computing 4.5 3.1 4.7 3.8 2.1 1.3

ICT use in within-firm processes 19.5 11.9 15.3 9.3 10.5 5.7

ICT use with buyers/suppliers 11.5 5.7 9.9 5.6 5.9 2.5

Extent of webpage use 8.0 0.8 6.4 1.6 5.2 -0.3

Extent of social media used 6.6 3.6 4.2 2.4 5.9 3.2

Extent of cloud computing use 4.0 2.6 3.0 2.2 2.3 1.5

All firms Manufacturing Services

Notes: Each cell shows a t-statistic estimated from a different regression. The dependent variable measures productivity
(in columns), the independent variables include a standardized intangible measure (rows), log # employees and indicators
for year, industry, county, region-industry. Standard errors are clustered by firm. Darker red shows larger positive t-
values and darker green shows larger negative ones. Coefficient estimates being statistically significant on 95% are in
bold.

4.2. Augmented production function approaches

In this section we present our results from production function estimations aug-

mented with different measures of intangible capital. First, we include the intangible

capital stock calculated from the balance sheet data. Second, we create intangible stock

measures from R&D and investment survey data. Third, we take the ICT use survey

to include the index of ICT use in addition to the intangible capital stock.

As we always estimate production functions by 2-digit industries, in the following we

present our results for six major industries, representing different technological industry

categories. Manufacture of food products (NACE 10) is a low-tech manufacturing

industry, Manufacture of fabricated metal products (NACE 25) belongs to medium-

low-tech manufacturing, Manufacture of machinery and equipment (NACE 28) is a

medium-high-tech manufacturing industry, Manufacture of computer (NACE 26) is a

high-tech industry, Wholesale trade (NACE 46) is a less knowledge-intensive service and

Computer programming (NACE 62) is a knowledge-intensive service.32 Additionally,

32The industries we include in our sample are listed in Tables A7 and A8.
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we always show coefficient estimates for all the industries in the Appendix.

4.2.1. Augmenting with intangible capital from accounting statements

We start with our baseline measure, the intangible capital stock measure provided

in the balance sheet data. We create real capital stock measures separately for tangible

and intangible capital using the perpetual inventory method as described in Section 3.1.

As we only have data on total depreciation of tangibles and intangibles, we assume that

the depreciation share of intangible capital is proportional to the share of intangible

capital stock from total capital stock in the previous year. Then we include both

tangible capital stock and intangible capital stock in the production function as separate

factors of production. The remaining part of the estimation is the same as described

in Section 3.7.

As Table 3 presents, the coefficient of intangible capital is significant but with a

magnitude smaller than that of tangible capital. We can see from Figure A1 that it is a

general pattern across industries. Coefficients on labor and tangible capital are close to

those estimated in our baseline production function in which capital includes the sum

of tangible and intangible capital stock (see Table A9 for the representative industries

or Figure A2 and A3 from the baseline and Figure A4 and A5 from the augmented

estimation for all industries).

Table 3: Production function estimation with intangible capital stock from the balance data

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.904*** 0.914*** 0.884*** 0.828*** 0.774*** 1.053***
(0.006) (0.002) (0.001) (0.020) (0.002) (0.015)

log K tang 0.190*** 0.184*** 0.176*** 0.198*** 0.230*** 0.115***
(0.014) (0.003) (0.003) (0.028) (0.003) (0.019)

log K intang 0.024*** 0.029*** 0.034*** 0.035*** 0.056*** 0.027**
(0.006) (0.001) (0.001) (0.005) (0.002) (0.012)

Year dummies YES YES YES YES YES YES

Observations 24,712 33,421 8,042 15,526 86,353 13,903
N. of groups 3,078 4,556 1,260 2,218 12,977 2,244

intang/(intang + tang) K
stock

0.02 0.02 0.07 0.03 0.03 0.22

intang/(intang + tang) K
coeff

0.11 0.14 0.16 0.15 0.18 0.19

Notes: Production function estimations by 2-digit industries using the method of (Ackerberg et al., 2015), including
labor, tangible capital stock and intangible capital stock from the balance and year dummies. Monetary values deflated
to 2010 thsd HUF. Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. The lower panel presents the
industry-level average share of intangible capital in total capital stock, and the share of intangible coefficient to the sum
of the capital coefficients.
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These coefficients help us in interpreting the role of intangibles in the technology.

Profit maximization under a Cobb-Douglas production function requires that firms

spend on the two types of capital proportionally to their elasticities. In our specifica-

tion, this implies that the share of intangible capital in total capital stock should be
βintangible

βtangible+βintangible
. As the bottom row of Table 3 and the second panel of Figure A6

show, this is between 0.1 and 0.2 in most industries. We can compare this with the

(unweighted firm-level) average share of intangible capital to total capital, shown in

the penultimate row of the same table and the left panel of Figure A6. The actual

intangible share is substantially below the one implied by the coefficient estimates in

most industries. In services, especially in knowledge intensive services, the picture is

less clear.

The pattern that intangible capital share is typically below what we expect based

on profit maximization can indicate different issues. First, this may point to substantial

undermeasurement of intangible capital in the balance sheet which can easily be the case

as we discussed in Subsection 3.1. This could lead to overestimation of the elasticity of

the production function with respect to intangibles and of course to an underestimation

of the share of intangibles. Second, it may point to capital market imperfections, firms

being less able to find financing for intangible investments because of more serious

problems stemming from asymmetric information. Measurement is key in deciding

between these two possibilities.

Based on these results we can conclude that intangible capital as measured in the

balance sheet is indeed an import factor of production in most industries, though the

output elasticity of intangible capital is lower than that of tangible capital. There are

cross-industry differences in the relative contribution of intangibles.

4.2.2. Augmenting with intangible information from survey data

Intangibles from the Investment Survey

As we have discussed in Section 3.2, using investment data can usefully comple-

ment the intangibles stock information from the balance sheet because it provides more

information on flows and the type of investment. In this subsection we include the

intangible capital stock measures created from the investment survey, as we explained

in Section 3.2, in the production function estimation.33 As we can create an intangible

capital stock measure from the surveys only for a subset of the observations yielding a

33To avoid missing values, we use the first percentile in the logarithm when the intangible capital
stock measure is zero.
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very limited panel, we use a simple OLS specification with labor, tangible capital, year

dummies and we also include the three intangible capital components one by one.34

Tables 4-7 show the estimation results for the representative industries. The intan-

gible capital stock measure has a significantly positive coefficient in most industries, as

presented on Figure A7. These elasticities are of similar magnitude to the ones we found

for the balance sheet intangible stock in Table 3 and we do not see an obvious direction

of bias between the two sets of estimates. To test whether both variables include impor-

tant information we include both measures of intangible capital in the same regression

(Table A10-A13 and Figure A8-A11). We find that both measures have economically

and statistically significant coefficients, not very different from the ones when they are

included into separate regressions. In other words, the measure created from the Invest-

ment survey adds relevant information to the balance sheet measure. Both proxies are

likely to be correlated in sufficiently different ways with the “true” intangible stock.35

Table 4: Intangible capital stock from survey data in the production function

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.820*** 0.882*** 0.866*** 0.929*** 0.778*** 1.069***
(0.020) (0.015) (0.025) (0.017) (0.015) (0.024)

log K tang 0.241*** 0.191*** 0.196*** 0.155*** 0.193*** 0.108***
(0.013) (0.010) (0.019) (0.012) (0.010) (0.012)

log K intang survey 0.056*** 0.022*** 0.044*** 0.024*** 0.030*** 0.073***
(0.004) (0.003) (0.007) (0.004) (0.003) (0.003)

Year YES YES YES YES YES YES

Observations 5,929 6,061 1,431 3,296 9,066 11,254

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock from the balance, intangible capital stock as the sum of R&D, software and licenses investment from survey data,
created with the perpetual inventory method, and year dummies. Monetary values deflated to 2010 thsd HUF. Standard
errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

What is a clear advantage though is that this survey allows one to distinguish

between the different types of immaterial capital stock. We find that generally all three

34When we include R&D stock or the total intangible capital stock, to avoid double counting we
deduct R&D employment from labor, R&D costs from materials (adding it to value added) and R&D
investments in machines from tangible capital stock.

35Figures A13-A14 visualize the correlation between productivity and the recently created intangible
capital stock measure. We create intangible intensity quintiles by year based using the per capita
value of the calculated intangible capital stock. We get comparable patterns to (Kaus et al., 2020),
the distribution of productivity is shifted to the right for firms with higher intangible capital stock
compared to their size.
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Table 5: R&D stock in the production function

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.874*** 0.909*** 0.879*** 0.955*** 0.857*** 1.081***
(0.020) (0.015) (0.025) (0.017) (0.015) (0.023)

log K tang 0.278*** 0.203*** 0.225*** 0.179*** 0.221*** 0.110***
(0.013) (0.010) (0.018) (0.011) (0.010) (0.013)

log R&D stock 0.046*** 0.012* 0.058*** -0.011* 0.106*** 0.005
(0.007) (0.007) (0.009) (0.006) (0.007) (0.006)

Year dummies YES YES YES YES YES YES

Observations 5,929 6,061 1,428 3,296 11,254 1,943

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock from the balance, R&D stock created from R&D expenditure and R&D investments in machines with the perpetual
inventory method, and year dummies. Monetary values deflated to 2010 thsd HUF. Standard errors in parentheses. ***
p < 0.01, ** p < 0.05, * p < 0.1.

Table 6: Software stock in the production function

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.822*** 0.881*** 0.882*** 0.916*** 0.813*** 1.121***
(0.020) (0.016) (0.025) (0.017) (0.015) (0.021)

log K tang 0.246*** 0.191*** 0.199*** 0.147*** 0.203*** 0.100***
(0.013) (0.010) (0.018) (0.011) (0.010) (0.012)

log software stock 0.060*** 0.024*** 0.039*** 0.043*** 0.056*** -0.002
(0.004) (0.003) (0.008) (0.004) (0.003) (0.005)

Year dummies YES YES YES YES YES YES

Observations 5,936 6,061 1,431 3,296 11,259 1,946

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock from the balance, software stock, created from investment data with the perpetual inventory method, and year
dumiies. Monetary values deflated to 2010 thsd HUF. Standard errors in parentheses. *** p < 0.01, ** p < 0.05, *
p < 0.1.
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Table 7: License & know how stock in the production function

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.883*** 0.912*** 0.899*** 0.954*** 0.854*** 1.119***
(0.020) (0.015) (0.024) (0.017) (0.015) (0.020)

log K tang 0.278*** 0.203*** 0.221*** 0.166*** 0.223*** 0.100***
(0.013) (0.010) (0.017) (0.011) (0.010) (0.012)

log licence stock 0.024*** -0.001 0.028*** 0.016*** 0.049*** -0.001
(0.005) (0.005) (0.010) (0.006) (0.004) (0.006)

Year YES YES YES YES YES YES

Observations 5,929 6,061 1,431 3,296 11,259 1,946

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock from the balance, license and know how stock, created from investment data with the perpetual inventory method,
and year dummies. Monetary values deflated to 2010 thsd HUF. Standard errors in parentheses. *** p < 0.01, **
p < 0.05, * p < 0.1.

types of immaterial capital measured in this survey – R&D, software and license – are

significantly positive in the production functions. The coefficients of R&D stock and

software are typically higher (and similar in magnitude to the coefficient of the total

immaterial stock) than that of the license intangible stock. This shows that, indeed,

all these types of intangibles affect productivity significantly. Industry differences in

the coefficient of software stock (Figure A12) are more heterogeneous across industries

when we use R&D or license stock separately.36, showing that the role of software differ

substantially across industries.

The coefficients we estimate using Hungarian data are slightly smaller than the re-

sults in Kaus et al. (2020) from German data, but the magnitudes are similar. If we

compare tangible and intangible investment patterns in the two countries, we find that

the share of firms investing in tangibles is similar, but the share of firms investing in

intangibles is lower in Hungary (c. 40%) and, unlike in the German case (c. 55%),

there is no clear increasing tendency (see Figure A17). Even more drastically, intangi-

ble investment is around 15-20% of total investment in Hungary while it is about 50%

in Germany (Figure A18 compared to Figure 1 in Kaus et al. (2020)). The fact that

the estimated elasticites are of similar magnitude in the two countries while the share

of intangible investment in total investment differs radically calls for some explanation.

While the methodology of the Hungarian and German surveys are similar, it is pos-

36Figure A15 shows that cross-industry dispersion in the estimated R&D coefficients is higher in
low-tech industry groups or in services. The coefficient on license stock tends to be somewhat higher
in services (Figure A16).
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sible that German firms rely more heavily on acquired (and therefore, more precisely

measured) immaterial capital while Hungarian firms are more likely to produce their

immaterial assets in-house. Alternatively, Hungarian firms may face higher costs when

acquiring these assets, for example because of financial frictions.37

ICT use survey data

We use the ICT components as an input into the production function additional to

labor, tangible capital, intangible capital from the balance sheet, R&D stock and year

fixed effects. We estimate production functions by 2-digit NACE categories for all year

when we have ICT data (2010-2014). Given the small number of observations we use

simple OLS estimation rather than the method of Ackerberg et al. (2015) and include

only those industries where the number of observations is at least 30. We are interested

in the additional role of ICT in production on top of other intangibles, therefore we

control both for the stock of intangibles from the balance sheet and the R&D stock of

the firm.

Table 8 presents the result for our main industries, while Figure A23 in the Ap-

pendix shows the estimated coefficient of the ICT component for all industries. The

ICT component have positive and significant coefficient in many sectors, especially in

the medium-high and medium-low technology manufacturing sectors. In our highlighted

industries, with the exception of Computer programming, consultancy and related ac-

tivities, the ICT component is highly significant.

These results highlight that the elements of firm capabilities captured by information

technology usage indeed play an important part in production and productivity. These

investments are not captured by the accounting measures of intangibles or by R&D

investments. Measuring these kinds of capabilities indeed requires specialized surveys.

As robustness we also tried to include the specific topics (one at a time or together all

of them) additionally to the core topics in various way (either as additional inputs into

the principal component analysis or as additional inputs into the production function

beside the first component of the core topics). However, none of them add much to

the base estimation. This suggests that the indices based on the core topics capture

the main effects of ICT use. A consequence of this is that having this kind of key

37Here, we have to note, that differences in the economic background can be important when we
think about the external validity of the estimated results. Figures A19-A22 show that Hungary is at
the lower end of the cross-country distribution of such country-level intangible measures as the share
of intangible investment to GDP, the number of patents or the use of cloud services, and it is around
the median in terms of R&D expenditure.
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Table 8: ICT component in the production function

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.930*** 0.990*** 0.940*** 0.914*** 0.903*** 1.130***
(0.036) (0.031) (0.035) (0.035) (0.029) (0.038)

log K tang 0.172*** 0.107*** 0.116*** 0.128*** 0.078*** 0.111***
(0.023) (0.016) (0.027) (0.020) (0.015) (0.024)

log K intang 0.029*** 0.011* 0.038*** 0.002 0.025*** -0.018*
(0.007) (0.006) (0.010) (0.008) (0.007) (0.009)

log R&D stock 0.014* 0.012* 0.008 0.016** 0.027*** -0.000
(0.008) (0.006) (0.013) (0.008) (0.008) (0.008)

ICT princ.comp. 0.066*** 0.053*** 0.062** 0.096*** 0.089*** -0.026
(0.019) (0.019) (0.026) (0.023) (0.016) (0.027)

Year dummy YES YES YES YES YES YES

Observations 1,401 1,268 601 883 1,852 622

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital stock
and intangible capital stock from the balance, R&D stock from the R&D survey created with the perpetual inventory
method, ICT principal components created from the ICT use survey, and year dummies. Monetary values deflated to
2010 thsd HUF. Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

information for many firms and periods may be more important for capturing the role

of ICT use in production than having an extended number of dimensions for a subset

of periods.

4.3. Estimating the knowledge production function

As a final exercise, our aim is to estimate a knowledge production function. Then

we check if the use of knowledge input, which contains intangible capital elements not

accounted for by our previous measures, and productivity in knowledge production,

also called innovativity (Griffith et al., 2006), are correlated with a higher level of

production, after controlling for our previous intangible capital stock measures.

Conceptually, we start from Equation 6. Assuming that this takes the Cobb-Douglas

form with common elasticities across firms:

lnNit = ωi + βKPFL lnLNit + βKPFK lnKN
it + βKPFR lnRit + ηt (16)

Here, Nit is the innovative output of the firm, LNit and KN
it are labor and capital

used for knowledge production while Rit is the stock of knowledge. Importantly, ωi

shows how effectively the firm transforms innovative inputs into innovative outputs.

This term, which is analogous to the TFP in the standard output production function,

will be called innovativity, capturing a key capability of the firm.
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We use the CIS to estimate the knowledge production function, as it both includes

input and output measures of innovation. In the baseline version we measure knowledge

output as the log of sales from innovative products38 in real value. On the right-hand

side we include three measures of knowledge inputs: the real value of innovative R&D

expenditures (both in-house and purchased R&D), other innovative investments (in-

cluding investments in machines, software, purchased other external knowledge, design,

training and marketing). Having both R&D and non-R&D inputs to capture innova-

tive inputs is certainly a step forward from relying solely on R&D. These two measures

certainly do a reasonable job in capturing the direct and labor costs of innovation (LNit ).

The non-R&D expenditures also capture to some extent capital costs, but we suspect

that many actual knowledge generating knowledge assets are not accounted for - there-

fore KN
it is measured with considerable noise, and innovativity may pick up the effect

of some of these assets.

The knowledge stock (Rit) will be proxied by the stock of patents. Clearly, this

measure fails to capture other types of knowledge, most importantly tacit knowledge,

but has the clear empirical advantages of being available for a large set of firms and

measuring a stock rather than a flow.39

In the knowledge production function we also control for the size of the firm (with

the number of employees), tangible and intangible capital and year indicators. In an

alternative specification we filter out size effects by including the share of sales from

innovative products on the left-hand side and the ratio of innovative investments to

sales as well as per capita patent stock on the right-hand side. We also experiment with

OLS and firm-fixed effect specifications. Firm fixed effects specifications filter out time-

invariant firm characteritics, including the innovativity of the firm, when estimating the

coefficients of the knowledge production function. While this reduces the potential bias

resulting from a correlation between innovativity and input use, it identifies from much

less variation than the pooled OLS specifications, especially considering the limited

panel dimension of the CIS.

Table 9 shows that not only R&D investment, but also other innovative investment

38We both consider products being new to the market or to the firm. We only keep those firms in
the estimation sample which have a positive value of sales from innovative products.

39We use the average of expenditures in the current year and from the previous CIS wave (t-2) when
the firm is included in both years. We calculate the patent stock using the flow measure of patents
obtained from the R&D survey, assuming a depreciation rate of 33%. As we take logs, we use the fist
percentile instead of zeros for investments take x+1 for the patent stock to include observations with
zero values in the estimation.
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has a significantly positive correlation with innovative output, moreover, the magnitude

of the coefficients is very similar. This implies that it is not enough to look at R&D

when we want to consider investment to knowledge. Except for the baseline specification

with firm-fixed effect, the innovative investment coefficients stay significant and close

to each other in terms of magnitude in all other specifications.

Table 9: The knowledge production function

(1) (2) (3) (4)
VARIABLES Log innovative sales Share of innovative sales

log innovative R&D inv. 0.073*** 0.032
(0.009) (0.021)

log other innovative inv. 0.086*** 0.017
(0.008) (0.015)

log patent stock -0.082 -0.121
(0.066) (0.132)

log innov. R&D inv./sales 0.014*** 0.007***
(0.001) (0.002)

log other innov. inv./sales 0.010*** 0.007***
(0.001) (0.002)

log patent stock/sales -0.103 -0.184
(0.378) (0.589)

log L 0.763*** 0.741*** 0.013*** 0.003
(0.038) (0.149) (0.003) (0.011)

log K tang 0.157*** 0.125* -0.007*** 0.006
(0.027) (0.065) (0.002) (0.004)

log K intang 0.032*** 0.002 0.000 -0.000
(0.007) (0.014) (0.001) (0.001)

Year dummies YES YES YES YES
Firm FE NO YES NO YES

Observations 4,080 4,080 9,994 9,994

Notes: Knowledge production function estimations using the log of sales from innovative products in columns (1)-(2)
and the its share in total sales in columns (3)-(4) as the dependent variable. Independent variables are innovative R&D
expenditure and other innovative expenditure and patent stock in logs (expressed as a ratio of sales in columns (3)-(4)),
and we also control for labor, tangible capital stock and intangible capital stock from the balance and for year effects.
Columns (1) and (3) are simple OLS estimations and columns (2) and (4) are specifications with firm fixed-effects.
Monetary values deflated to 2010 thsd HUF. Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Productivity and innovativity measure two conceptually distinct but interrelated

dimensions of firm capabilities. Productivity measures the efficiency in combining pro-

duction inputs to outputs while innovativity is the efficiency in combining innovative

inputs to outputs. Table 10 investigates the relationship between the two by augment-

ing the output production function with innovativity.

Innovativity is highly significant in these regressions, with t-values above five.40

40Figure A24 presents coefficient estimates for all the industries.
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Table 10: Innovativity measure in the production function

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.547*** 0.882*** 0.845*** 1.009*** 0.862*** 1.118***
(0.070) (0.103) (0.064) (0.057) (0.085) (0.058)

log K tang 0.457*** 0.223*** 0.186*** 0.167*** 0.269*** 0.087**
(0.052) (0.075) (0.047) (0.038) (0.064) (0.034)

log K intang 0.032*** -0.005 0.030 0.014 0.036** 0.014
(0.012) (0.016) (0.018) (0.016) (0.015) (0.014)

Innovativity 0.140*** 0.103*** 0.158*** 0.139*** 0.198*** 0.174***
(0.034) (0.030) (0.033) (0.027) (0.033) (0.034)

Year dummies YES YES YES YES YES YES

Observations 394 198 241 262 262 255

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock and intangible capital stock from the balance, the knowledge production function residual (from the specification
in column (1)) as an innovativity measure, and year dummies. Monetary values deflated to 2010 thsd HUF. Standard
errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Clearly, conventional measures of TFP, even after controlling for different intangible

measures, remains strongly correlated with innovativity. There are two types of expla-

nations for this. The first is that these two types of efficiency are interrelated, reflecting

that both depend on deep basic firm capabilities. Second, given that most immaterial

measures are based on easy-to-quantify inputs, innovativity may capture the unmea-

sured part of intangible capital.

5. Conclusion

In this paper we investigate the role of intangibles in production. By linking multi-

ple firm-level surveys – R&D, investment, innovation and ICT – to financial statement

data on Hungarian firms we show to what extent these data sets can be used in pro-

ductivity measurement. Different surveys can help us to capture different aspects of

intangibles, but there are several limitations we have to address. For instance, creating

intangible capital stock from flow measures is not straightforward and requires several

assumptions. Moreover, if we want to merge the different surveys to combine differ-

ent measures, we strongly oversample large, foreign and manufacturing firms in the

overlapping subset of observations that worsens the representativity. Our results show

that different proxies of intangible capital are only moderately correlated with each

other, and capture different aspects of intangibles. Thus, characteristics of the merged

sample is especially important, as we need multiple measures to account for intangibles
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in a proper way. Finally, the highly imbalanced panel structure of the surveys makes

production function estimation difficult.

Including intangible capital stock measures in the production function shows that

intangibles have a significant role in production, but the output elasticity to intangible

capital is considerably lower than the same elasticity to tangibles. We find similar re-

sults using the intangible capital stock from the balance sheet or a measure of intangible

stock created from the R&D and investment surveys. R&D, software and intellectual

property all play a significant role in production. We also show that ICT use is also

strongly correlated with productivity even if we control for other intangible capital mea-

sures. Finally, we estimate a knowledge production function using CIS data, showing

that innovation expenses beyond R&D also play an important role in the innovative

output. We also find that the efficiency of the innovation process is strongly positively

related to output productivity.

We can conclude that exploring the relationship between intangibles and produc-

tivity at the firm-level adds to industry-level investigations, as it allows as to look at

within-industry heterogeneity and to disentangle within-firm changes and reallocation.

The highly concentrated distribution and the positive correlations between different

types of intangibles suggests that simple averages of intangible measures will not cap-

ture industry competitiveness and dynamics. At the same time, rich micro-level panel

data from different sources is needed for a detailed firm-level analysis. Overlap across

surveys is crucial for addressing different aspects of intangibles, and the panel structure

is important for production function estimation. Adjusting data collection methods of

statistical offices accordingly would largely benefit this research agenda. Still, there are

clear limitations in that, as sending multiple surveys to the same firm repeatedly might

put too large burdens on the chosen firms and could also worsen representativity.
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Appendix

Table A1: Yearly number of observations and overlap across surveys

Number of firms by data set
Year 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Financial data 50797 52223 54125 55460 55991 51704 50532 50556 50101 49482 52439 54437 51442
Investment 11230 11373 11250 11057 10662 10215 10189 10379 11133 11498 12059
CIS data 3443 4370 4657 4358 4719 6156 5991
ICT data 5503 5401 5312 5296 5746

CIS & inv. 2988 3165 3155 3067 3743 3835
ICT & inv. 3810 3571 3646 3701 4042
ICT & CIS 2041 2199 2549
In all data 1806 1862 2120

Sample: double-entry bookkeeping firms from the balance sheet data with ≥ 5 employees and an estimated TFP in the current
year

Table A2: The panel structure of the surveys

Number of firms in the ICT data
Year 2010 2011 2012 2013 2014

Total 5503 5401 5312 5296 5746
Also in t-1 4086 3961 3328 4030
Also in t-1 and t-2 3294 3651 2981

Number of ICT waves a firm is present 1 2 3 4 5
Number of firms 4931 2163 1552 1458 2266

Number of firms in the CIS data
Year 2004 2006 2008 2010 2012 2014 2016

Total 3443 4370 4657 4358 4719 6156 5991
Also in t-2 1218 3027 1765 3320 3687 4520

Number of firms in the innovation data
Year 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Total 11230 11373 11250 11057 10662 10215 10189 10379 11133 11498 12059
Also in t-2 8070 7141 7806 6822 6652 7463 7893 8348 8475

Sample: double-entry bookkeeping firms from the balance sheet data with ≥ 5 employees and an estimated TFP in the current
year
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Table A3: The composition of the surveys

By industry balance investm. CIS ICT All 3 investm. CIS ICT All 3
in year t both in year t and t-2

manufacturing
(NACE 10-38)

23% 38% 65% 42% 75% 42% 70% 48% 79%

services
(NACE 41-95)

77% 62% 35% 58% 25% 58% 30% 52% 21%

Total 100% 100% 100% 100% 100% 100% 100% 100% 100%

By size (# employees)

5-9 50% 10% 5% 5% 0% 5% 2% 3% 0%
10-19 27% 14% 26% 22% 3% 10% 19% 14% 1%
20-49 15% 41% 26% 24% 15% 41% 24% 20% 9%
50-99 5% 18% 15% 16% 17% 22% 16% 16% 12%
100- 4% 18% 28% 33% 64% 23% 39% 47% 79%

Total 100% 100% 100% 100% 100% 100% 100% 100% 100%

By ownership

domestic 89% 78% 74% 73% 56% 75% 69% 67% 50%
foreign 11% 22% 26% 27% 44% 25% 31% 33% 50%

Total 100% 100% 100% 100% 100% 100% 100% 100% 100%

Sample: double-entry bookkeeping firms from the balance sheet data with ≥ 5 employees and an estimated TFP in the
current year

Table A4: The co-movement of intangible measures I.

Innovative 

sales share

In-house 

R&D

R&D cost 

per capita
# patents

ICT 

investm.

Software 

investm.

Licence 

investm.

ICT 

investm. 

per capita

Software 

investm. 

per capita

Licence 

investm. 

per capita

Immat. 

investm. 

share

Has in-house R&D 14.7 7.0 7.7 9.5 8.3 6.0 13.5 8.9 13.4

R&D cost per capita 14.2 6.3 9.1 8.9 8.2 6.4 12.9 8.7 13.5

# of patents 2.2 5.5 6.4 0.5 0.8 4.0 3.0 4.0 2.8 1.7

Has ICT investment 1.4 7.6 8.8 0.5 36.2 9.7 26.3 5.7 1.7

Has software & data inv. 4.5 9.1 8.7 0.9 36.5 12.8 38.8 9.2 66.1

Has licence investment 4.3 8.3 8.2 2.6 9.9 13.2 11.4 11.6 27.7

ICT investment per capita 1.5 5.9 6.2 2.7 39.3 11.1 32.9 7.7 3.0

Software & data inv. per cap. 5.1 12.9 12.3 3.4 26.2 11.4 32.6 9.2 80.2

Licence investment per capita 4.5 9.2 9.0 2.1 5.6 9.3 7.7 9.6 38.1

Immaterial investment share 4.0 13.3 13.1 1.7 1.7 69.6 25.5 3.0 67.1 23.8

Has innovative R&D inv. (CIS) 18.9 32.5 30.9 4.4 2.2 9.8 8.7 5.6 12.1 8.4 7.0

Has other innovative inv. (CIS) 18.1 20.8 20.0 4.0 9.8 11.9 7.5 6.9 14.2 7.3 6.5

Innovative R&D inv. per capita 18.0 36.7 35.4 4.1 6.3 9.4 8.2 6.2 11.5 8.0 7.3

Other innovative inv. per cap. 5.0 -2.5 -0.5 1.9 -2.6 1.4 1.6 1.8 4.2 1.8 0.0

Has ICT training 2.4 5.6 5.3 1.4 3.7 4.7 3.9 7.6 7.9 3.1 2.6

Has a webpage 4.9 7.4 6.8 0.3 8.9 8.6 4.3 6.6 9.6 3.7 6.7

Uses social media 3.6 4.9 5.0 1.1 1.0 2.1 4.9 2.8 2.9 4.1 2.9

Uses cloud computing 0.4 0.5 1.4 0.5 0.8 0.6 1.0 1.0 0.7 1.0 0.8

ICT use in within-firm processes 5.9 8.5 8.5 2.9 5.8 7.5 6.2 9.0 10.2 5.7 8.4

ICT use with buyers/suppliers 2.1 3.2 3.3 -0.4 6.5 7.2 3.4 7.7 7.1 3.4 4.5

Extent of webpage use 4.9 6.2 6.0 0.4 6.0 5.2 4.9 6.3 7.1 4.4 6.2

Extent of social media used 3.7 4.5 4.6 1.4 1.2 2.7 4.5 2.5 3.2 3.6 3.5

Extent of cloud computing use 0.4 0.9 1.6 0.4 -0.2 0.2 0.6 0.7 0.1 0.8 1.1

Notes: Each cell shows a t-statistic estimated from a different regression. The dependent variable is an intangible measure
(in columns), the independent variables include another standardized intangible measure (rows), log # employees and
indicators for year, industry, county, region-industry. Standard errors are clustered by firm. Darker red shows larger
positive t-values and darker green shows larger negative ones. Coefficient estimates being statistically significant on 95%
are in bold.
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Table A5: The co-movement of intangible measures II.

Innovative 

R&D (CIS)

Other 

innovative 

inv. (CIS)

Innovative 

R&D per 

cap. (CIS)

Other 

innov. inv. 

per cap 

ICT training Webpage
Social 

media

Cloud 

computing

ICT within-

firm

ICT with 

buyers & 

suppliers

Extent of 

webpage 

use

Extent of 

social 

media use

Extent of 

cloud 

computing

Has in-house R&D 30.6 21.9 29.5 -2.5 5.7 7.6 5.0 0.5 8.9 3.2 6.4 4.5 0.9

R&D cost per capita 26.7 20.1 25.6 -0.5 5.5 6.9 5.1 1.5 8.8 3.3 6.2 4.6 1.6

# of patents 5.7 6.0 6.4 2.5 1.2 0.3 1.1 0.5 2.7 -0.4 0.4 1.4 0.4

Has ICT investment 2.2 9.6 6.0 -2.6 3.7 8.9 1.0 0.8 5.8 6.5 6.0 1.2 -0.2

Has software & data inv. 9.4 11.6 9.1 1.4 4.7 8.6 2.1 0.6 7.5 7.1 5.2 2.7 0.2

Has licence investment 8.7 7.5 8.1 1.6 4.0 4.3 5.0 1.0 6.3 3.4 5.0 4.6 0.6

ICT investment per capita 5.5 6.8 5.9 1.8 7.7 6.5 2.8 1.0 9.0 7.7 6.3 2.5 0.7

Software & data inv. per cap. 11.6 13.9 10.8 4.3 7.9 9.5 2.9 0.7 10.3 7.1 7.1 3.2 0.1

Licence investment per capita 8.4 7.4 8.0 1.8 3.1 3.7 4.2 1.0 6.1 3.4 4.6 3.7 0.8

Immaterial investment share 7.0 6.5 7.2 0.0 2.7 6.7 2.9 0.8 8.5 4.6 6.3 3.5 1.1

Has innovative R&D inv. (CIS) 64.8 -1.8 5.8 5.4 3.9 -0.5 10.4 3.0 5.5 4.3 0.2

Has other innovative inv. (CIS) 50.5 42.7 4.4 5.2 3.7 0.2 9.0 4.1 4.8 3.6 0.4

Innovative R&D inv. per capita 64.6 1.5 5.4 5.1 3.7 0.1 10.0 3.3 5.0 4.1 0.7

Other innovative inv. per cap. -1.8 1.5 0.2 -0.4 -0.9 1.0 -0.2 0.4 -1.1 0.0 0.7

Has ICT training 5.7 4.4 5.3 0.2 7.7 7.0 5.6 17.3 13.3 14.0 7.7 5.2

Has a webpage 5.3 5.1 5.0 -0.4 7.6 23.0 6.5 16.8 21.2 22.2 6.6

Uses social media 3.8 3.7 3.6 -0.9 6.9 22.3 10.4 14.6 16.4 30.2 10.1

Uses cloud computing -0.5 0.2 0.1 1.0 5.7 6.7 10.9 11.8 9.0 10.0 11.1

ICT use in within-firm processes 9.9 8.8 9.5 -0.2 17.4 16.9 15.0 11.4 33.6 27.8 16.7 10.2

ICT use with buyers/suppliers 2.9 4.1 3.3 0.4 13.5 21.0 16.9 8.8 35.4 33.1 16.7 8.2

Extent of webpage use 5.4 4.8 4.9 -1.1 14.3 32.8 9.7 28.6 34.2 30.5 9.5

Extent of social media used 4.3 3.6 4.1 0.0 7.9 21.5 11.1 17.0 16.7 31.3 10.1

Extent of cloud computing use 0.2 0.4 0.7 0.7 5.3 6.9 11.8 11.7 8.8 10.6 11.0

Notes: Each cell shows a t-statistic estimated from a different regression. The dependent variable is an intangible measure (in
columns), the independent variables include another standardized intangible measure (rows), log # employees and indicators for
year, industry, county, region-industry. Standard errors are clustered by firm. Darker red shows larger positive t-values and darker
green shows larger negative ones. Coefficient estimates being statistically significant on 95% are in bold.
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Table A6: Descriptive statistics

Variable Data source Unit Mean St.dev. Availability

Has in-house R&D R&D indicator 0.019 0.135 2004-2016
R&D cost per employee R&D thsd 2010

HUF/capita
73.2 2090.2 2004-2016

R&D investment per emp. R&D thsd 2010
HUF/capita

17.6 3192.4 2004-2016

# of patents granted (yearly) R&D count 0.005 0.673 2004-2015

Has ICT investment Investment indicator 0.266 0.442 2006-2016
Has software & data inv. Investment indicator 0.267 0.442 2006-2009,

2012-2016
Has licence & know how inv. Investment indicator 0.037 0.188 2006-2016
ICT investment per employee Investment thsd 2010

HUF/capita
36.5 3653.5 2006-2016

Software & data inv. per emp. Investment thsd 2010
HUF/capita

48.8 1658.9 2006-2009,
2012-2016

Licence investment per emp. Investment thsd 2010
HUF/capita

45.1 6592.5 2006-2016

Immaterial investment share =
Immat inv./Total inv.

Investment share [0,1] 0.06 0.17 2006-2016

Has R&D expenditure CIS indicator 0.111 0.099 2004(2)2016
Has any other innovative expend. CIS indicator 0.147 0.126 2004(2)2016
Total R&D expenditure per emp. CIS thsd 2010

HUF/capita
204.1 6814.2 2004(2)2016

Total non-R&D innovative expen-
diture per emp.

CIS thsd 2010
HUF/capita

302.9 7124.1 2004(2)2016

Sales share from innov. prod./serv. CIS share [0,1] 0.037 0.147 2004(2)2016
Has ICT training ICT indicator 0.27 0.44 2012,2014
Has a webpage ICT indicator 0.74 0.44 2010-2014
Uses social media ICT indicator 0.34 0.47 2013-2014
Uses cloud computing ICT indicator 0.11 0.32 2014
ICT use in within-firm processes ICT score [0,1] 0.14 0.20 2010-2014
ICT use with buyers/suppliers ICT score [0,1] 0.21 0.27 2010-2014
Extent of webpage use ICT score [0,1] 0.24 0.25 2010-2014
Extent of social media used ICT score [0,1] 0.13 0.23 2013-2014
Extent of cloud computing use ICT score [0,1] 0.04 0.15 2014

# employees Balance capita 31.4 242.0 2000-2016
Value added Balance MHUF

(2010)/capita
211.1 3661.4 2000-2016

Tangible capital stock Balance MHUF
(2010)/capita

307.5 6149.7 2000-2016

Intangible capital stock Balance MHUF
(2010)/capita

37.7 2381.5 2000-2016

Labor productivity Balance log (thsd 2010
HUF/capita)

7.94 0.94 2000-2016

TFP - baseline Balance log (thsd 2010
HUF/capita)

5.60 0.84 2000-2016

Notes: ICT statistics from year 2014, other statistics from the whole period the data is available. Only double-entry
bookkeeping firms from the balance sheet data with ≥ 5 employees are considered.
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Table A7: Manufacturing

Category Nace Name

High-technology manuf.

21 Manufacture of basic pharmaceutical products and pharmaceutical preparations

26 Manufacture of computer, electronic and optical products

Medium-high technology manuf.

20 Manufacture of chemicals and chemical products

27 Manufacture of electrical equipment

28 Manufacture of machinery and equipment n.e.c.

29 Manufacture of motor vehicles, trailers and semi-trailers

30 Manufacture of other transport equipment

Medium-low technology manuf.

19 Manufacture of coke and refined petroleum products

22 Manufacture of rubber and plastic products

23 Manufacture of other non-metallic mineral products

24 Manufacture of basic metals

25 Manufacture of fabricated metal products, except machinery and equipment

33 Repair and installation of machinery and equipment

Low technology manuf.

10 Manufacture of food products

11 Manufacture of beverages

12 Manufacture of tobacco products

13 Manufacture of textiles

14 Manufacture of wearing apparel

15 Manufacture of leather and related products

16 Manufacture of wood and of products of wood and cork, except furniture; man-
ufacture of articles of straw and plaiting materials

17 Manufacture of paper and paper products

18 Printing and reproduction of recorded media

31 Manufacture of furniture

32 Other manufacturing
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Table A8: Services

Category Nace Name

Knowledge-intensive services

50 Air transport

51 Warehousing and support activities for transportation

58 Publishing activities

59 Motion picture, video and television programme production, sound recording and
music publishing activities

60 Programming and broadcasting activities

61 Telecommunications

62 Computer programming, consultancy and related activities

63 Information service activities

65 Insurance, reinsurance and pension funding, except compulsory social security

66 Activities auxiliary to financial services and insurance activities

69 Legal and accounting activities

70 Activities of head offices; management consultancy activities

71 Architectural and engineering activities; technical testing and analysis

72 Scientific research and development

73 Advertising and market research

74 Other professional, scientific and technical activities

75 Veterinary activities

78 Employment activities

80 Security and investigation activities

Less knowledge-intensive services

45 Wholesale and retail trade and repair of motor vehicles and motorcycles

46 Wholesale trade, except of motor vehicles and motorcycles

47 Retail trade, except of motor vehicles and motorcycles

49 Land transport and transport via pipelines

52 Warehousing and support activities for transportation

55 Accommodation

56 Food and beverage service activities

68 Real estate activities

77 Rental and leasing activities

79 Travel agency, tour operator and other reservation service and related activities

81 Services to buildings and landscape activities

82 Office administrative, office support and other business support activities

95 Repair of computers and personal and household goods

Utilities

35 Electricity, gas, steam and air conditioning supply

36 Water collection, treatment and supply

37 Sewerage

38 Waste collection, treatment and disposal activities; materials recovery

39 Remediation activities and other waste management services

Construction

41 Construction of buildings

42 Civil engineering

43 Specialised construction activities46



Table A9: Baseline production function

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.897*** 0.933*** 0.837*** 0.862*** 0.780*** 1.018***
(0.000) (0.000) (0.006) (0.003) (0.000) (0.004)

log K 0.286*** 0.223*** 0.276*** 0.244*** 0.343*** 0.247***
(0.000) (0.000) (0.010) (0.005) (0.002) (0.006)

Year dummies YES YES YES YES YES YES

Observations 25,308 33,702 8,152 15,675 89,594 14,020
N. of groups 3,115 4,576 1,274 2,227 13,205 2,259

Notes: Production function estimations by 2-digit industries with the method of (Ackerberg et al., 2015), and including
labor, the sum of tangible and intangible capital stock from the balance, and year dummies. Monetary values deflated
to 2010 thsd HUF. Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Table A10: Intangible capital stock from survey data in the production function - extended version

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.810*** 0.877*** 0.880*** 0.923*** 0.735*** 1.065***
(0.020) (0.016) (0.025) (0.017) (0.015) (0.024)

log K tang 0.234*** 0.184*** 0.170*** 0.144*** 0.186*** 0.107***
(0.013) (0.010) (0.020) (0.012) (0.009) (0.012)

log K intang 0.013*** 0.010*** 0.023*** 0.018*** 0.050*** 0.011*
(0.003) (0.003) (0.006) (0.003) (0.003) (0.006)

log K intang survey 0.051*** 0.016*** 0.036*** 0.017*** 0.048*** 0.006
(0.004) (0.003) (0.007) (0.004) (0.003) (0.005)

Year dummies YES YES YES YES YES YES

Observations 5,929 6,061 1,428 3,296 11,254 1,943

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock and intangible capital stock from the balance, intangible capital stock as the sum of R&D, software and licenses
investment from survey data, created with the perpetual inventory method, and year dummies. Monetary values deflated
to 2010 thsd HUF. Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table A11: R&D stock in the production function - extended version

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.845*** 0.892*** 0.893*** 0.939*** 0.763*** 1.067***
(0.021) (0.015) (0.025) (0.017) (0.015) (0.023)

log K tang 0.255*** 0.189*** 0.184*** 0.156*** 0.197*** 0.107***
(0.013) (0.010) (0.019) (0.012) (0.009) (0.012)

log K intang 0.025*** 0.015*** 0.028*** 0.025*** 0.064*** 0.016***
(0.003) (0.002) (0.006) (0.003) (0.003) (0.005)

log R&D stock 0.040*** 0.005 0.050*** -0.014** 0.089*** -0.004
(0.007) (0.007) (0.009) (0.006) (0.008) (0.006)

Year dummies YES YES YES YES YES YES

Observations 5,929 6,061 1,428 3,296 11,254 1,943

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock and intangible capital stock from the balance, R&D stock created from R&D expenditure and R&D investments
in machines with the perpetual inventory method, and year dummies. Monetary values deflated to 2010 thsd HUF.
Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Table A12: Software stock in the production function - extended version

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.812*** 0.875*** 0.898*** 0.913*** 0.757*** 1.119***
(0.020) (0.016) (0.025) (0.017) (0.015) (0.021)

log K tang 0.236*** 0.184*** 0.170*** 0.141*** 0.193*** 0.100***
(0.013) (0.010) (0.019) (0.012) (0.009) (0.012)

log K intang 0.014*** 0.010*** 0.024*** 0.010*** 0.057*** 0.005
(0.003) (0.003) (0.006) (0.003) (0.003) (0.006)

log software stock 0.054*** 0.020*** 0.030*** 0.038*** 0.029*** -0.005
(0.004) (0.003) (0.008) (0.004) (0.003) (0.006)

Year dummies YES YES YES YES YES YES

Observations 5,936 6,061 1,431 3,296 11,259 1,946

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock and intangible capital stock from the balance, software stock, created from investment data with the perpetual
inventory method, and year dumiies. Monetary values deflated to 2010 thsd HUF. Standard errors in parentheses. ***
p < 0.01, ** p < 0.05, * p < 0.1.
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Table A13: License and know how stock in the production function - extended version

Dep.var.: log value added (1) (2) (3) (4) (5) (6)
NACE2 10 25 26 28 46 62

log L 0.853*** 0.895*** 0.914*** 0.940*** 0.769*** 1.116***
(0.020) (0.015) (0.025) (0.017) (0.015) (0.021)

log K tang 0.255*** 0.189*** 0.180*** 0.148*** 0.201*** 0.100***
(0.013) (0.010) (0.019) (0.012) (0.009) (0.012)

log K intang 0.025*** 0.015*** 0.028*** 0.021*** 0.063*** 0.002
(0.003) (0.002) (0.006) (0.003) (0.003) (0.005)

log licence stock 0.018*** -0.006 0.022** 0.011* 0.026*** -0.002
(0.005) (0.005) (0.010) (0.006) (0.004) (0.006)

Year dummies YES YES YES YES YES YES

Observations 5,929 6,061 1,431 3,296 11,259 1,946

Notes: Production function estimations by 2-digit industries with simple OLS, and including labor, tangible capital
stock and intangible capital stock from the balance, license and know how stock, created from investment data with
the perpetual inventory method, and year dummies. Monetary values deflated to 2010 thsd HUF. Standard errors in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Figure A1: Coefficient on the intangible capital stock from the balance sheet

Notes: Coefficient estimates on the intangible capital stock from the balance sheet from production functions by 2-
digit industries, which use the method of (Ackerberg et al., 2015) and include separately tangible capital stock and
intangible capital stock from the balance sheet. Industries are grouped by the standard Eurostat technology categories:
high-tech manufacturing (HM), medium-high tech manufacturing (MHM), medium-low tech manufacturing (MLM),
low-tech manufacturing (LM), knowledge-intensive services (KIS), less knowledge-intensive services (LKIS), utilities
(U), construction (C). Dots show the coefficient estimates and the spells show the 95% confidence intervals.
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Figure A2: Labor coefficient in the baseline production function

Notes: Coefficient estimates on labor from baseline production functions by 2-digit industries, which use the method of
(Ackerberg et al., 2015) and include the sum of tangible and intangible capital stock from the balance sheet. Industries
are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manu-
facturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services
(KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and
the spells show the 95% confidence intervals.
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Figure A3: Capital coefficient in the baseline production function

Notes: Coefficient estimates on capital from baseline production functions by 2-digit industries, which use the method of
(Ackerberg et al., 2015) and include the sum of tangible and intangible capital stock from the balance sheet. Industries
are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manu-
facturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services
(KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and
the spells show the 95% confidence intervals.
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Figure A4: Labor coefficient in the production function separately including intangible capital stock
from the balance sheet

Notes: Coefficient estimates on labor from production functions by 2-digit industries, which use the method of (Ackerberg
et al., 2015) and separately include tangible capital stock and intangible capital stock from the balance sheet. Industries
are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manu-
facturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services
(KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and
the spells show the 95% confidence intervals.
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Figure A5: Tangible capital coefficient in the production function separately including intangible
capital stock from the balance sheet

Notes: Coefficient estimates on tangible capital from production functions by 2-digit industries, which use the method
of (Ackerberg et al., 2015) and separately include tangible capital stock and intangible capital stock from the balance
sheet. Industries are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-
high tech manufacturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-
intensive services (KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C). Dots show the coefficient
estimates and the spells show the 95% confidence intervals.
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Figure A6: The ratio of intangible to total capital stock and the ratio of estimated coefficients

Notes: The panel on the left shows the average ratio of intangible to total capital stock by industry. The panel on
the right shows the ratio of coefficient estimates in intangible capital to the sum of estimated tangible and intangible
capital coefficients. Coefficient estimates come from production functions by 2-digit industries, which use the method of
(Ackerberg et al., 2015) and separately include tangible capital stock and intangible capital stock from the balance sheet.
Industries are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-high
tech manufacturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive
services (KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C).
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Figure A7: Coefficients on intangible capital stock from survey data in the production function

Notes: Coefficient estimates on intangible capital stock from survey data, estimating production functions by 2-digit
industries with OLS, including labor and tangible capital stock from the balance, intangible capital stock as the sum
of R&D, software and licenses investment from survey data and year dummies. Industries are grouped by the standard
Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manufacturing (MHM), medium-low
tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services (KIS), less knowledge-intensive
services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and the spells show the 95% confidence
intervals.
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Figure A8: Coefficients on intangible capital stock from survey data in the production function -
extended version

Notes: Coefficient estimates on intangible capital stock from survey data, estimating production functions by 2-digit
industries with OLS, including labor, tangible capital stock and intangible capital stock from the balance, intangible
capital stock as the sum of R&D, software and licenses investment from survey data and year dummies. Industries
are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manu-
facturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services
(KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and
the spells show the 95% confidence intervals.
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Figure A9: Coefficients on R&D stock in the production function - extended version

Notes: Coefficient estimates on R&D stock from survey data, estimating production functions by 2-digit industries with
OLS, including labor, tangible capital stock and intangible capital stock from the balance, R&D stock created from R&D
expenditure and R&D investments in machines with the perpetual inventory method, and year dummies. Industries
are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manu-
facturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services
(KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and
the spells show the 95% confidence intervals.
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Figure A10: Coefficients on software stock in the production function - extended version

Notes: Coefficient estimates on software stock from survey data, estimating production functions by 2-digit industries
with OLS, including labor, tangible capital stock and intangible capital stock from the balance, software stock, created
from investment data with the perpetual inventory method, and year dummies. Industries are grouped by the standard
Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manufacturing (MHM), medium-low
tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services (KIS), less knowledge-intensive
services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and the spells show the 95% confidence
intervals.
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Figure A11: Coefficients on license and know how stock in the production function - extended version

Notes: Coefficient estimates on license and know how stock from survey data, estimating production functions by 2-digit
industries with OLS, including labor, tangible capital stock and intangible capital stock from the balance, license and
know how stock, created from investment data with the perpetual inventory method, and year dummies. Industries
are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manu-
facturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services
(KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and
the spells show the 95% confidence intervals.
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Figure A12: Coefficients on software stock in the production function

Notes: Coefficient estimates on software stock from survey data, estimating production functions by 2-digit industries
with OLS, including labor and tangible capital stock from the balance, software stock, created from investment data
with the perpetual inventory method, and year dummies. Industries are grouped by the standard Eurostat technology
categories: high-tech manufacturing (HM), medium-high tech manufacturing (MHM), medium-low tech manufacturing
(MLM), low-tech manufacturing (LM), knowledge-intensive services (KIS), less knowledge-intensive services (LKIS),
utilities (U), construction (C). Dots show the coefficient estimates and the spells show the 95% confidence intervals.
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Figure A13: Distribution of labor productivity by intangible intensity quintiles
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Notes: The distribution of labor productivity by intangible intensity quintiles. Labor productivity is measured in logs as
real value added per capita (in 2010 thsd HUF). Intangible intensity is calculated as intangible capital stock from survey
data (i.e. the sum of R&D, software and licenses investment, stocks created with the perpetual inventory method) over
the number of employees. Quintiles are created by year. The sixth group consists of firms in the survey without any
intangible investment.
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Figure A14: Distribution of TFP by intangible intensity quintiles
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Notes: The distribution of TFP by intangible intensity quintiles. TFP is estimated from baseline production functions
by 2-digit industry, using the method of (Ackerberg et al., 2015), and including the sum of tangible and intangible capital
stock as the measure of capital. TFP is measured in logs. Intangible intensity is calculated as intangible capital stock
from survey data (i.e. the sum of R&D, software and licenses investment, stocks created with the perpetual inventory
method) over the number of employees. Quintiles are created by year. The sixth group consists of firms in the survey
without any intangible investment.
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Figure A15: Coefficients on R&D stock in the production function

Notes: Coefficient estimates on R&D stock from survey data, estimating production functions by 2-digit industries with
OLS, including labor and tangible capital stock from the balance, R&D stock created from R&D expenditure and R&D
investments in machines with the perpetual inventory method, and year dummies. Industries are grouped by the standard
Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manufacturing (MHM), medium-low
tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services (KIS), less knowledge-intensive
services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and the spells show the 95% confidence
intervals.
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Figure A16: Total license stock in the production function

Notes: Coefficient estimates on license and know how stock from survey data, estimating production functions by 2-digit
industries with OLS, including labor and tangible capital stock from the balance, license and know how stock, created
from investment data with the perpetual inventory method, and year dummies. Industries are grouped by the standard
Eurostat technology categories: high-tech manufacturing (HM), medium-high tech manufacturing (MHM), medium-low
tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive services (KIS), less knowledge-intensive
services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates and the spells show the 95% confidence
intervals.
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Figure A17: The yearly share of firms having specific types of investment

(a) (b)

Notes: The figures show the share of firms in each year which are included in the investment panel and report having a
specific type of investment. The panel on the left includes elements of tangible investment: machines and construction.
The panel on the right includes elements of intangible investment: software and data, licenses and know how, R&D
measured as the sum of own-account R&D costs and R&D investments in machinery, and the sum of these three items.
Software data are missing in 2010-2011, and therefore the sum is missing as well.

Figure A18: The evolution of the aggregate value of specific types of investment

(a) (b)

Notes: The figures show the yearly aggregate amount of specific types of investment. Firm-level values are winzorized
at the first and 99th percentile by year. The panel on the left includes elements of tangible investment: machines and
construction. The panel on the right includes elements of intangible investment: software and data, licenses and know
how, R&D measured as the sum of own-account R&D costs and R&D investments in machinery, and the sum of these
three items. Software data are missing in 2010-2011, and therefore the sum is missing as well.
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Figure A19: Intangible investments as a % of GDP, 2012

Source: OECD, 2012.

Figure A20: Business sector expenditure on R&D as a % of GDP, 2016

Source: Eurostat, 2016.
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Figure A21: Number of patent applications per capita, 2016

Source: Eurostat, 2016.

Figure A22: % of firms using cloud computing, 2016

Source: Eurostat, 2016.
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Figure A23: Coefficient estimates on the ICT component in the production function

Notes: Coefficient estimates on the ICT component, estimating production functions by 2-digit industries with OLS,
including labor, tangible capital stock and intangible capital stock from the balance, R&D stock created from R&D expen-
diture and R&D investments in machines with the perpetual inventory method, the ICT component and year dummies.
Industries are grouped by the standard Eurostat technology categories: high-tech manufacturing (HM), medium-high tech
manufacturing (MHM), medium-low tech manufacturing (MLM), low-tech manufacturing (LM), knowledge-intensive ser-
vices (KIS), less knowledge-intensive services (LKIS), utilities (U), construction (C). Dots show the coefficient estimates
and the spells show the 95% confidence intervals.
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Figure A24: Coefficient estimates on innovativity in the production function

Notes: Coefficient estimates on innovativity, estimating production functions by 2-digit industries with OLS, including
labor, tangible capital stock and intangible capital stock from the balance, the knowledge production function residual
as a measuer of innovativity and year dummies. Industries are grouped by the standard Eurostat technology categories:
high-tech manufacturing (HM), medium-high tech manufacturing (MHM), medium-low tech manufacturing (MLM),
low-tech manufacturing (LM), knowledge-intensive services (KIS), less knowledge-intensive services (LKIS), utilities
(U), construction (C). Dots show the coefficient estimates and the spells show the 95% confidence intervals.
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