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Short and Medium-Term Effects of Intangible Capital on Firm Growth. Evidence from 

Austrian Microdata 

1. Introduction 

Intangible assets, such as research and development (R&D), software, and licenses, have 

become a defining feature of modern production systems. Their role in shaping firm 

performance and driving aggregate productivity is well acknowledged. However, the firm-

level dynamics of intangible investment remain heterogeneous and are still insufficiently 

understood, particularly in small open economies lacking superstar firms. 

This paper examines how intangible capital affects two distinct dimensions of firm 

performance: productivity growth, measured through labour productivity, and firm growth, 

proxied by changes in employment. This distinction is critical. Productivity growth captures 

improvements in the efficiency of input use, while employment growth reflects firm expansion 

and changes in scale. Both outcomes matter economically and politically, but they may 

respond differently to intangible investments, particularly over different time horizons 

(Corrado et al. 2013; Haskel and Westlake 2018; Roth et al. 2023; Syverson 2017; De Ridder 

2024). Two empirical patterns motivate our analysis. First, sluggish aggregate productivity 

growth in many advanced economies has coincided with rising investments in intangible 

assets - a paradox that raises questions about the diffusion and effectiveness of such 

investments . Second, firm performance is increasingly driven by a small subset of firms, 

suggesting that intangible capital may contribute to divergence rather than convergence 

(Bloch et al., 2023; Crouzet & Eberly, 2021; Mouel & Schiersch, 2024; Roth et al., 2023). 

We analyse the relationship between intangible capital and both productivity and 

employment growth using register data from Austrian firms between 2012 and 2017. We 

distinguish between the extensive margin (whether firms invest in intangibles at all) and the 
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intensive margin (how much and how regularly they invest), assessing the effects in the short 

and medium term. Austria is a particularly relevant case study because, as a small open 

economy without dominant 'superstar' firms, it provides a representative context for 

evaluating the diffusion rather than the concentration of intangibles. 

Our contribution to the existing literature on intangibles and productivity growth is multi-

faceted.  

First, make several conceptual contributions. We trace short- and medium-term effects, 

thereby capturing both adjustment dynamics and persistent growth patterns. We build on the 

observation that intangible capital often entails implementation lags, transitional costs, and 

temporal heterogeneity in its returns (Pozzi and Schivardi 2016; Hall et al. 2013). We distinguish 

between the extensive and intensive margins of intangible investment. This allows us to 

disentangle whether performance effects are driven by the decision to invest at all, or by the 

scale and persistence of investment once initiated. By focusing on both productivity and 

employment growth, we offer a broader understanding of how intangibles shape firm 

trajectories. Second, we address methodological concerns of endogeneity and sample bias 

and explicitly model selection into intangible investment in our empirical approach. Third, we 

contribute to a still limited but growing body of work focusing on small open economies, 

where intangible capital may play a different role than in countries dominated by superstar 

firms. By studying Austria, an economy without pronounced market concentration or ‘digital 

giants’, we offer insights into how intangible investments affect a broad population of firms in 

a non-concentrated, institutionally distinct context. 
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2. Intangible Capital and Firm Performance 

Intangible capital has become a core feature of production and innovation in advanced 

economies. Assets such as R&D, software, design, and organisational competencies are now 

widely recognised as key determinants of firm competitiveness and economic dynamism 

(Corrado et al. 2013; Haskel and Westlake 2018). Yet, the underlying mechanisms for firm 

performance, particularly the time profile and interaction with different dimensions of firm 

growth, are complex and context-dependent. This section reviews the relevant literature on 

how intangible capital affects productivity and employment dynamics, and derives testable 

hypotheses based on theoretical considerations and empirical evidence. 

2.1 Stylised Facts and Conceptual Underpinnings 

The rise of intangible capital has transformed production structures across advanced 

economies. Aggregate figures show rising intangible intensity in national investment profiles, 

yet firm-level evidence points to a highly skewed distribution: only a subset of firms invests 

regularly or heavily in such assets (Mouel & Schiersch, 2024). Three stylised facts are 

particularly relevant. First, intangible investments are not evenly distributed across the business 

sector but are concentrated among certain firms and industries (Kaus et al., 2024; Tambe et 

al., 2020). Second, intangible investment tends to be lumpy, i.e. firms often invest irregularly 

(Kaus et al., 2024). Third, firms engaging in intangible investments are often larger, 

incorporated, or located closer to the productivity frontier (Roth et al. 2023; Friesenbichler et 

al. 2024). This suggests that both firm characteristics and strategic orientation influence the 

propensity and intensity of intangible investment. 

Conceptually, intangible capital can affect firm performance through multiple channels. It 

may enhance the productivity of existing inputs by enabling better coordination, improving 

product quality, or facilitating innovation. At the same time, it may induce organisational 
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restructuring or enable firms to scale up operations, thereby affecting employment dynamics. 

These mechanisms may unfold at different speeds and intensities, with short-term adjustment 

costs giving way to longer-term performance gains (Pozzi & Schivardi, 2016). 

The broader economic context also matters. The nature and function of intangible capital 

likely differ by country context. In economies such as the United States, intangibles are often 

linked to the emergence of superstar firms and market concentration (Autor et al. 2020; De 

Loecker et al. 2020). In contrast, in smaller open economies like Austria, intangibles may play 

a more diffusive and incremental role (Bloch et al., 2023; Di Ubaldo & Siedschlag, 2021). 

Rather than being a tool for rent extraction, intangible capital in such settings acts as a 

potential enabler of broad-based performance improvements, though, often with delayed 

effects. 

These theoretical and empirical insights provide the foundation for analysing how intangible 

investments relate to two key dimensions of firm performance: labour productivity and 

employment growth. 

2.2 Intangible Capital and Productivity Growth 

Productivity growth is widely viewed as a key channel through which intangible capital 

enhances firm performance. Unlike productivity levels, which reflect cross-sectional 

performance gaps, productivity growth captures dynamic efficiency improvements and 

technological adaptation over time. This distinction is particularly relevant for assessing the 

role of intangibles, given their complex and potentially lagged effects on firm operations. 

A growing literature emphasises that intangible investments may not immediately translate 

into higher productivity (Castelli et al., 2024). The implementation of new organisational 

structures, digital systems, or innovation capabilities often requires firm-specific adjustment 

processes, which may temporarily disrupt operations or entail learning costs (Brynjolfsson et 
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al., 2021; Chappell & Jaffe, 2018). Consequently, the short-run impact of intangibles on 

productivity growth may be negligible or even negative. 

Over the medium term, however, intangible capital can enable firms to improve input 

coordination, reduce inefficiencies, and scale innovative outputs. These mechanisms are 

consistent with findings that productivity gains from intangible capital tend to materialise with 

delay and are stronger in firms that complement these investments with other strategic assets, 

such as skilled labour or digital readiness (Gozen & Ozkara, 2024; Marrocu et al., 2012; Roth et 

al., 2023). 

Based on this reasoning, we propose the following hypotheses: 

H1a: Productivity growth is not significantly associated with intangible investment in the short 

term. 

H1b: Productivity growth is positively associated with intangible investment in the medium 

term. 

These hypotheses reflect the expectation that adjustment costs and implementation frictions 

may mask the productivity-enhancing effects of intangibles in the short run, while longer time 

horizons allow these investments to unfold their full potential. 

2.3 Intangible Capital and Employment Growth 

The impact of intangible capital on employment growth is theoretically ambiguous and 

empirically contested. On the one hand, intangible investments, particularly those related to 

product innovation, digital capabilities, or organisational development, can support firm 

expansion, stimulate market entry, and increase the demand for skilled labour (Coad & Rao, 

2008; DeStefano et al., 2023). On the other hand, some intangibles may be labour-saving or 

facilitate automation, especially when embedded in software or process innovations, 
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potentially reducing employment over time. However, existing evidence does not support a 

labour-substituting effect of ICT at the firm level (Biagi and Falk 2017). 

Short-run dynamics are often shaped by implementation demands and transitional 

restructuring. Firms investing in new systems or innovation capabilities may initially require 

additional labour, for instance to s to manage projects, integrate IT systems, or transfer 

knowledge efficiently (Hall et al. 2013; Demirkan et al. 2022; Capozza and Divella 2019). 

Moreover, firms investing in intangibles are frequently in a growth phase, during which 

employment and output increase in parallel (Corrado et al. 2018; Yang et al. 2018). 

In contrast, medium-term effects may differ. As intangible investments mature and integration 

is completed, firms may realise productivity gains that reduce labour demand per unit of 

output, especially if intangibles replace routine tasks or support more scalable business 

models (Autor et al. 2020; Autor and Dorn 2013; Frey and Osborne 2017). This can be 

particularly relevant in service industries or digital-intensive sectors, where intangible capital 

often complements technology-driven substitution effects. 

Empirical findings reflect this ambiguity. Some studies document positive employment effects 

of innovation and intangible investment (Harrison et al., 2014), while others find no impact or 

even negative effects, especially in routine-intensive jobs (Evangelista & Savona, 2003). 

Sectoral and temporal heterogeneity, as well as the type and intensity of intangible 

investment, appear to mediate these outcomes. 

We therefore expect the relationship between intangible investment and employment 

growth to be time-sensitive and potentially non-monotonic: 

H2a: Employment growth is positively associated with intangible investment in the short term. 
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H2b: Employment growth is negatively associated with intangible investment in the medium 

term. 

These hypotheses reflect the idea that intangibles may initially support firm expansion and job 

creation, but could lead to rationalisation or labour-saving reorganisation in the longer run. 

3. Intangible Investments in Austria 

9We use Austria as a case study to examine the effects of intangible capital in advanced, 

small, open economies. The findings are therefore not confined to the national context but 

are likely to hold broader relevance for similar institutional and structural environments (Kügler 

et al., 2023). Austria provides a particularly suitable setting for testing our hypotheses: it is a 

developed economy where intangible capital plays an increasingly important role, yet it 

lacks dominant superstar firms and features a diversified, SME-driven business structure. 

National accounts data from Statistics Austria show that investments in intangible assets, such 

as R&D and licenses, grew at an annualised rate of 4.4% between 2008 and 2017. This growth 

rate substantially outpaced investment in machinery and equipment, which increased by 

2.8% per year over the same period. The share of intangible assets in gross capital formation 

(excluding buildings) rose from 33% in 2008 to 38% in 2017, underscoring a structural shift 

toward knowledge-based assets. 

This trend has unfolded against a backdrop of asymmetric structural dynamics, as highlighted 

by recent OECD analyses of productivity growth. While Austria’s manufacturing sector 

recovered relatively strongly from the global financial crisis in 2008/09, many service industries 

have continued to lag in terms of performance (Peneder & Prettner, 2021). Firm entry and exit 

have played only a marginal role in aggregate productivity dynamics. Instead, performance 

is shaped primarily by stable firm-specific characteristics, especially in a business landscape 
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dominated by small and medium-sized enterprises (SMEs), with a few globally competitive 

niche firms at the frontier. In this context, intangible capital in Austria is better understood as a 

production enabler rather than a source of market power. Unlike in economies characterised 

by ‘digital champions’ or large-scale ‘superstar firms’ (Crouzet et al., 2022; Crouzet & Eberly, 

2021), intangibles in Austria tend to support incremental productivity improvements and 

organisational adaptation. As such, they provide a valuable lens for understanding the 

diffusion and impact of intangible investments in non-concentrated, open market 

environments (K. Friesenbichler et al., 2025).  

4. Data and Indicators 

Our main data source is the “Structural Business Statistics” (“Leistungs- und Strukturerhebung”) 

of Statistics Austria. These establishment-level, registry data are the basis for official statistics 

and allows for a productivity dynamics analysis in Austria.1 The sampling includes enterprises 

conducting market-based activities and report a sales revenue of at least 10,000 Euros and a 

minimum of ten employees. In 2017, the dataset covered approximately 72.8% of the total 

“persons employed” in Austria. This does not consider self-employment or non-market 

activities such as the public sector. A multitude of types of firms are considered. Included are 

public limited companies, foreign legal types of firms, charitable foundations or funds (legally 

defined, also under province law), sole traders (registered or unregistered), European 

economic interest groups, companies under civil law, cooperatives (Austrian and European), 

limited liability companies, limited partnerships, general partnerships, European companies 

(SE), other legal forms, savings banks, mutual insurance associations, and associations. 

Approximately 18% of the firms in the sample are incorporated, meaning they have limited 

liability (see Annex for more descriptive statistics). Structural Business Statistics are a viable 

 
1 Offical datasets are also less exposed to survey bias (K. S. Friesenbichler et al., 2014, 2018; Warner, 1965). 
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source for studying firm growth dynamics and have previously been applied to firm growth 

questions (Falk, 2014) and production function estimations (K. Friesenbichler et al., 2025). 

In addition, we merged information on R&D to the micro data. R&D figures were provided by 

Statistic Austria (“F&E Erhebung”), and are a crucial component of intangible investments. 

This data is obtained from full primary statistical surveys among approximately 10,000 

institutions that conduct R&D in all sectors of the national economy whose participation is 

compulsory. This dataset effectively covers all entities engaged in R&D activities in Austria. 

The data comprise information on persons employed in R&D, expenditure on R&D, the 

financing of said expenditure, and the nature and orientation of R&D activities. The R&D 

survey is based on international (EU, OECD) standards and guidelines. In particular, the use of 

register data differs from other approaches that use smaller, survey-based samples (Chappell 

& Jaffe, 2018; Roth et al., 2023). 

To obtain real values, all nominal figures are deflated with producer price indices at the 

NACE Rev. 2 2-digit level using 2010 as the reference year. NACE, the “Nomenclature 

générale des Activités économiques dans les Communautés Européennes”, is the statisticial 

classification of the European Community. The deflators are obtained from the national 

accounts’ statistics by Eurostat. 

4.1 Intangible Investments 

There is a long debate about the adequate measurement of knowledge and its role in 

economic performance (Freeman & Soete, 1990; Machlup, 1962; Sichel, 2024), which is still 

ongoing and differs by the level of analysis (Martin & Baybutt, 2021; Van Criekingen et al., 

2021). We apply a definition of intangible investments at the firm-level which incorporates 

expenditures on computerized information, innovation and economic competencies 
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(Corrado and Hulten 2010; Van Ark et al. 2009; Brynjolfsson and Hitt 2000; Griliches 1981; Iqbal 

et al. 2021). 

We define investments into intangible capital as (i) expenditures for internal R&D, (ii) 

expenditures for external R&D, (iii) investments into software, which includes the purchase of 

both packaged and individual software, including one-off licence payments for software use, 

(iv) investments into licenses, which includes concessions, copyrights, patents, licences, 

trademarks and similar rights, such as utility models, land use and mining rights (K. 

Friesenbichler et al., 2025). Goodwill is not included. 

Our approach is accountancy-based. It provides a complete survey of the population of the 

Austrian corporate sector, but also has limitations. Especially, it does not explicitly take into 

account ‘softer factors’ that are typically collected in surveys such as the Community 

Innovation Survey (e.g. in Roth, Sen and Rammer (2023)). These aspects include 

organisational capital, like training, advertising and marketing activities, organisational 

learning, structures and cultures, which may be the source of firm-specific competitive 

advantages (Bloch et al., 2023). The inclusion of these factors could potentially affect the 

sample of enterprises active in intangible capital. Thus, depending on the definition of 

intangible capital used, either a higher proportion of firms could be identified as having 

intangible capital, since a larger number of firms invest in training and similar initiatives, but 

not necessarily in R&D. Alternatively, the treatment group would be smaller if the definition of 

intangible capital required investment in both R&D and other "soft" measures at the same 

time. 

The original sample covers the period 2008 to 2017. However, our analysis requires the 

estimation of capital stocks, which draws on a proxy of initial capital, depreciation rates, and 

firm-specific investments that accumulate over time (see Annex for a detailed variable 

description). The longer this process takes the lower the possible bias of the capital stock 
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estimates becomes. Hence, we restrict the period analyzed to the five years between 2012 to 

2017. The subsample used consists of 21,225 firms, of which 4,217 are assigned to 

manufacturing and 17,007 to the service sector. The number of observations may slightly vary 

in the subsequent analyses due to differences in the data availability. 

We validate the data by computing the shares of intangible investments in total investments. 

The investment dynamics broadly conform to the macroeconomic intangible capital 

deepening. In 2012, the (unweighted) mean of intangible investments as a share of total 

investments amounted to 5.8% and rose to 9.8% by 2017. The (unweighted) annual mean 

growth rate of intangible capital is 1.8% in real terms. 

4.2 Labour Productivity Growth 

The first measure of firm performance is labour productivity, defined as gross value added per 

full-time employee. This indicator can be linked to a canonical Cobb-Douglas production 

function (Syverson, 2011) which is augmented with intangible capital (Griliches, 1979, 2007). 

This approach has previously been employed in the analysis of intangible capital as a 

production factor (K. Friesenbichler et al., 2025; Roth et al., 2023), from which labour 

productivity growth can easily be derived (Di Ubaldo & Siedschlag, 2021).  

4.3 Employment Growth 

Another indicator used is employment growth, defined as the logarithmic change of firm 

specific employment from one year to another. Employment is a production factor and a 

measure of firm size. Hence, these regressions do not capture increases in efficiency 

performance, but in firm growth (Daunfeldt et al., 2014; Delmar et al., 2003; K. Friesenbichler & 

Hölzl, 2020; K. S. Friesenbichler & Hoelzl, 2022; Hölzl, 2013). 
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5. Descriptive Statistics 

5.1 Extensive and Intensive Investment Margins 

Descriptive statistics of intangible show a great degree of firm and sector heterogeneity. 

These can be categorized into two dimensions (Table 1): 

• The extensive margin to which intangible investments are made. In other words, we 

ask how many firms invest into intangibles at least once.  

o We further split this group into firms that invest continuously (i.e. every year) into 

intangibles and provide information about the share of years in the sample in 

which they invest. 

• Firms that invest in intangibles also differ by investment intensities, i.e. the intensive 

margin. 

We find that most firms do not invest in intangible capital. A total of 31.1% of the firms in the 

sample report intangible investments after 2012, which differs vastly across Nace Rev. 2 

one-digit level sectors. A higher share of investing firms indicates that intangible investors are 

more ubiquitous. The highest fractions of firms investing into intangibles are found in in 

“Financial and insurance activities” (K), Information and Communication (J), Electricity (D), 

and Manufacturing (C). The data shows fewer investors in Accommodation and food service 

activities (I) and Administrative and support service activities (N).  

A lower frequency indicator suggests that investment tends to be lumpy, meaning it is 

concentrated over time (Cooper & Haltiwanger, 2006; Doms & Dunne, 1998). The frequency 

of firms investing in intangibles and the share of firms with sustained investment patterns 

largely mirror the proportion of firms that have invested in at least one year. However, notable 

sectoral differences emerge. For instance, in the `Financial and insurance activities´ sector, 

59.3% of firms have invested in intangible capital at least once. On average, these firms invest 
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in roughly every second year (44.5% of the observed years). In contrast, only 20% of firms in 

`Accommodation and food service´ activities have invested in intangibles, and their 

investment behaviour is even more sporadic, with intangible assets reported in only 11.7% of 

the observed years on average. Across all sectors, firms that invest continuously in intangible 

capital represent a clear minority. Even in `Financial and insurance activities´, the most 

investment-active sector, only about 7% of firms report intangible investment in every year, a 

pattern that is broadly representative of other industries. 

 

Table 1 about here 

 

The intensive margins also differ across sectors. The highest mean intensities are recorded for 

Professional, scientific and technical activities (M) and Information and communication (J), 

while the intensities in Construction (F), Administrative and support service activities (N) or 

Water supply (E) are almost negligible. 

5.2 Successful and Unsuccessful Up- and Downsizers 

We next explore how employment and labour productivity growth are related, and how 

intangible investments have developed. We follow Baily, Bartelsman, and Haltiwanger (1996) 

and use median employment growth rates in the medium-term to broadly bin firms into two 

categories: upsizers and downsizers. We then split the sample into firms that outperform the 

market and exhibit a productivity growth above the sample median, and into firms that do 

not. This leads to four quadrants: (1) successful upsizers, (2) unsuccessful upsizers, (3) successful 

downsizers, and (4) unsuccessful downsizers (see Table 2). 
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Table 2 about here 

 

The picture obtained shows that the number of firms are rather equally distributed across the 

extremes. Both successful upsizers and unsuccessful downsizers make for 21% of the sample. 

With 29% each, the segments of successful downsizers and unsuccessful upsizers are also 

equally distributed. In all categories, the mean shares of intangible investments in total 

investments have increased, with downsizing firms showing larger starting values and larger 

rises in absolute percentage points. The intangible capital stock has increased in upsizing firms 

and decreased in downsizing firms, though. This indicates a positive relationship between 

employment growth and intangible capital stocks.2 

The sample can be used to compute the contribution of each category to aggregate 

developments within the private sector. We use information on growth rates provided in Table 

2, which we jointly interpret with the number of observations, the mean firm size and labour 

productivity levels. Both aggregate labour productivity (approximately 49m Euros) and 

employment (approximately 38k) have increased in absolute terms in the period observed. 

These figures show net effects, i.e., the difference between firms increasing and decreasing 

productivity or employment. 

Successful downsizers pose the biggest contribution to aggregate labour productivity growth. 

This group accounts for three times the net effect, while successful upsizers account for twice 

the net effect. The biggest growth dampening effect is observed in the group of the 

unsuccessful upsizers. Their aggregate productivity reductions account for 2.5 times of the net 

productivity gains. Unsuccessful downsizers account for productivity losses amounting to 1.5 

of the net productivity gains. 

 
2 We also implement this illustration with total factor productivity growth instead of labour productivity growth. The 

picture obtained remains qualitatively unchanged, 
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The biggest positive contributor to aggregate employment growth is the group of 

unsuccessful upsizers whose absolute contribution amounts to 1.4 times the net effect. The 

increase in labour in successfully upsizing firms amounts to the aggregate net effect. The 

employment reduction attributed to successful downsizers amounts to approximately 80% of 

the net effect. Unsuccessful downsizers made for 50%.  

6. Regression Analysis 

6.1 Estimation Strategy 

We draw on three estimation approaches: (i) panel estimations to study the average effect 

of intangibles on all firms, (ii) a Heckman estimator controls for sample selection related to the 

propensity to invest in intangible capital which particularly affects productivity growth (the 

first stage results are presented in the Annex). Finally, we depart from the yearly panel data 

representation and concentrate on the structural change in the medium term. We employ 

(iii) quantile regressions to investigate the nonlinear effects across the growth distribution.3 

(i) Panel Estimations 

We implement a panel regression model to estimate the short-term effects of intangible 

investment on firm performance growth, with ∆ln⁡(𝑌𝑖𝑗𝑡) indicating logarithmic growth rates of 

labour productivity and firm size: 

 

∆ln⁡(𝑌𝑖𝑗𝑡) = 𝛽0 + 𝛽1(𝐼𝑁𝑉𝑖𝑗) + 𝛽2(𝑃𝐸𝑅𝑀𝑖𝑗) + 𝛽3(𝑍𝑖𝑗𝑡) + 𝜇𝑗 + 𝜇𝑡 + 𝑢𝑖𝑗𝑡. (4) 

 

 
3 The distribution of firm size typically follows a power law (Bacilieri et al., 2023; Segarra & Teruel, 2012). Weighted 

regressions would be dominated by a few large firms, which is why unweighted data was used instead. 
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INV is a time invariant binary variable taking on the value of one if a company has at least 

once invested into intangible capital during the period of observation and zero otherwise. 

The variable PERM equals one if a firm invests in intangibles every year of the sample and zero 

otherwise. The variable is employed for the identification of high-frequency investors and 

constitutes a subset of INV. Thus, this specification explores only behavioural (i.e. binary) 

variables, and does not consider investments into intangibles in absolute terms. 

Z denotes a set of control variables at the firm level, specifically the lagged change of the 

share of subsidies in the firm's capital stock ( SUB t-1) and, whether a firm is incorporated 

(CORP), which serves as a proxy for growth ambitions and debt acquisition capacity. In 

addition, we use the firm specific lagged distance to the productivity frontier (Distance t-1) to 

model catching-up mechanisms. The frontier is defined as the industry-specific productivity 

level of the 95th percentile of labour or total factor productivity, respectively.  

In the employment regressions, we also include the out-of-sample employment level of 2008 

(EMP, t0) as an explanatory variable to control for a firm’s `starting value’. We include this 

variables as small firms are more likely to grow at a high rate in comparison to large firms. 

Moreover, we control for the lagged changes of the tangible capital stock ( CAP t-1).  

denotes fixed effects at the year (t) and sector (j). We use heteroskedasticity and 

autocorrelation consistent standard errors (Holtz-Eakin et al., 1988; Newey & West, 1986). 

In addition to the extensive margin, we ask about the intensive margin of intangible 

investments. Hence, we replace the behavioural variables with changes in intangible capital 

stock (INT t-1), as well as the frequency (FREQU) with which firms invest in intangible capital. 

The latter is expressed as a percentage of the number of years during which investments are 

recorded, out of the total number of years that have been observed (see regression (6). 
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∆ln⁡(𝑌𝑖𝑗𝑡) = 𝛽0 + 𝛽1∆ln⁡(𝐼𝑁𝑇𝑖𝑗𝑡−1) + 𝛽2(𝐹𝑅𝐸𝑄𝑈𝑖𝑗) + 𝛽3(𝑍𝑖𝑗𝑡) + 𝜇𝑗 + 𝜇𝑡 + 𝑢𝑖𝑗𝑡 . (5) 

 

The amount of investment in intangible capital (INT) is potentially endogenous, i.e. the 

estimated coefficients are biased if investment is correlated with the error term. Endogeneity 

can arise from unobservable variable bias, which can affect both investment in intangibles 

and productivity. For example, a management strategy may increase both performance 

and the intangible capital stock, but independently of each other. Endogeneity can also 

arise from reverse causality. For example, low-performing capital-constrained firms may invest 

less in intangibles, and firms with better financial performance would be better able to invest 

in intangibles. Altogehter, the primary concern is that the error term is correlated with 

investment (Chappell & Jaffe, 2018). To address this issue, we utilize only lagged investment in 

intangibles, ensuring that the right-hand side of the equation consists of at least 

predetermined variables. 

The frequency indicator is defined as a time-invariant share: the number of years in which a 

firm reports investments into intangible capital as a percentage of the number of years in 

which data for the given firm are not missing in the sample.  

(ii) Heckman Selection Model 

The presumed productivity effects of intangible investment may not be distributed at 

random, i.e. some firms may be more likely to invest in intangibles than others. This could be 

due to underinvestment or because not all business models require intangible capital. 

Standard procedures will be biased if unobservables affect both the investment decision and 

potential productivity growth. Therefore, we also implement Heckman's sample selection 

estimation procedure (Heckman, 1979). In the first stage, we want to explain the extensive 
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investment margin and use the binary variable INV on the left-hand-side of the probit 

regression  

𝑃𝑟𝑜𝑏(𝐼𝑁𝑉 = 1|𝑋) = 𝛷(𝑋𝛾).  (6) 

INV takes on the value of one if a firm has invested at least once into intangible capital, and 

zero otherwise. 𝛾 is a vector of unknown paramenters and 𝛷 is the cumulative distribution 

function of the normal distribution. X is a vector of explanatory variables. We use a sectoral 

taxonomy proposed by the OECD (Calvino et al., 2018) as an exogenous determinant of the 

selection. It captures the business environment affecting the likelihood to invest in intangibles 

(see Friesenbichler and Peneder 2016 for a similar identification approach). The taxonomy is 

based on a set of indicators to classify 36 ISIC Rev. 4 sectors over the period 2001-2015, 

including the share of investment in tangible ICT capital and software, the share of purchases 

of intermediate ICT goods and services, the number of robots per hundred employees, the 

share of ICT specialists in total employment, and the share of turnover from online sales. Four 

different groups of sectors are defined: low, medium-low, medium-high and high ICT-intensive 

sectors4.  

The second stage is shown in equation (4): 

𝐸[𝑦|𝑍, 𝐼𝑁𝑉 = 1] = 𝑍𝛽 + 𝜌𝜎𝑢𝜆(𝑋𝛾),  (7) 

Self-selection of high productive firms into the group of investors into intangible assets is 

addressed by incorporating a transformation of these predicted firm probabilities as an 

additional explanatory variable, i.e. the inverse Mills ratio 𝜆. 𝜌 is the correlation between 

unobserved determinants of investing in intangibles and unobserved determinants of 

productivity u, and 𝜎𝑢 is the standard deviation of the error term. Additionlly we use a set of 

explanatory variables analogous to equation (2).  

 
4 The coefficients of these variables are significant in the selection equation (see Appendix). 
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(iii) Quantile Regressions 

We examine the medium-term effect over a five-year period on the distribution of the 

performance outcome. We implement simultaneous quantile regressions to capture 

nonlinearities suggested by the literature (Chappell & Jaffe, 2018). Low-growth and high-

growth firms are also often of special interest to policymakers. Hence, this method has 

become common in the empirical analysis of firm performance (Coad & Rao, 2008; Di Cintio 

et al., 2017; Hölzl, 2009; Leoncini et al., 2019; Mathew, 2017; Ramdani & Witteloostuijn, 2010) 

and is likely to be relevant in the present context.  

Quantile regressions draw on the entire conditional distribution of the dependent variable. 

Hence, the method paints a more `complete´ picture of the relationship between variables. 

The qth conditional quantile of Y given Z is  

𝑄𝑌|𝑍(𝑞) = 𝑖𝑛𝑓{𝑦: 𝐹𝑌|𝑍(𝑦) ≥ 𝑞},  (8) 

where F denotes the conditional cumulative distribution function of Y given Z. Further, it is 

assumed that the qth conditional quantile is given as a linear function of the explanatory 

variables Z (𝑄𝑌|𝑍(𝑞) = 𝑍𝛽𝑞). Quantile regressions have comparable efficiency to OLS estimators 

for Gaussian linear models, while substantially outperforming OLS over a wide class of non-

Gaussian error distributions. The method splits the sample into a number (q) of quantiles. The 

coefficients are conditional on the location on the qth quantile of the distribution and can be 

interpreted in a similar fashion as in an OLS regression. Using quantile regressions reduce the 

issue of sample selection. We restrict the sample to the period between 2012 and 2017 to 

compute within-firm growth rates. Using the same set of explanatory variables as in equation 

(2), we estimate the quantile regression model (5) using 1,000 bootstrapped replications. We 

choose the 20th, 40th, 60th and 80th percentiles. While the panel estimators from above 

uncover short term effects, the quantile regressions focus on structural changes and, thus, 

can be interpreted as medium term effect. 



– 21 – 

  

  

6.2 Results for Labour Productivity Growth 

The first specification, column (1) in Table 3, regresses labour productivity growth on the 

extensive margin of investment (equation (1)). There is no significant effect of the dummy 

variable capturing whether a firm has ever invested in intangible capital. However, firms that 

permanently invest in intangibles have significantly higher annual productivity growth rates. 

The second column examines the intensive margin of intangible investment as expressed in 

equation (2). The results show that the coefficient of changes of the intangible capital stock is 

positive but insignificant. The coefficient measuring the frequency with which firms invest in 

intangibles is positive and weakly significant.  

The third column presents the results of the second stage of the Heckman regression, when 

controlling for sample selection (as depicted in equation (4)), i.e. accounting for the fact that 

firms ever invest in intangibles in a first stage regression. The coefficient on intangible capital 

growth and the frequency which firms invest in intangibles now turn highly significant. 

 

Table 3 about here 

 

Next, we use quantile regressions (equation (5)) based on the 5-year productivity growth 

between 2012 and 2017 in columns (4) to (7). Increases in the intangible capital stock are 

positively associated with higher productivity growth in the highest quantile, although the 

coefficient is only weakly significant. At the same time, the coefficients on investment 

frequency are highly significant at higher growth rates and negatively associated with labour 

productivity growth. This suggests that the deepening of intangible capital is growth-

enhancing and lumpy. Capital deepening is ultimately more important for labour productivity 

growth than continuous investment. 
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6.3 Results for Employment Growth 

Employment growth is the second dimension we examine. The short-term results show a highly 

significant positive relationship between both the intensive and the extensive margin of 

intangible investments and employment growth (see columns (1) and (2) in Table 4). 

Investments into intangible capital are likely to be complementary with employment growth.  

In the medium term, this relationship also holds for the extensive margin (columns (3)-(6)). 

Firms that have at least invested once in intangibles also have higher employment growth. 

This relationship is fairly stable across growth intensities. Moreover, firms that invest into 

intangibles each year experience significantly higher employment growth. 

The picture for the five-year period changes slightly when the intensive margin is examined 

(columns (7)-(10)). The coefficients of the lagged changes of the intangible capital stock are 

insignificant. Hence, intangible capital stock growth is not systematically related to 

employment growth in the medium run. However, investment frequency is positively 

correlated with employment growth. We find that firms that invest in intangible capital 

regularly also have significantly higher employment growth. 

 

Table 4 about here 

 

6.4 Further Results, Robustness Checks, Limitations 

The control variables largely perform as anticipated. In particular, changes in the tangible 

capital stock show strong, consistently positive effects on labour productivity and 

employment growth - considerably more pronounced than those of intangible capital. The 

greater performance improvements among firms farther from the productivity frontier point to 

a clear catching-up dynamic. Public subsidies (received by about 22% of the firms in the 
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sample), by contrast, exhibit no statistically significant effect. Incorporation is positively 

associated with growth, particularly in high-growth firms, indicating its role as a proxy for 

access to finance and organisational maturity. Time and sector fixed effects are mostly 

significant, lending additional support to the validity of our specifications.  

The selection equation of the Heckman model (see Appendix, Table 5) supports that firms in 

low-ICT intensity sectors are significantly less likely to invest in intangibles. The probability of 

investment is also lower for firms farther from the frontier, those with minimal tangible 

investment, and those lacking incorporation. Once these factors are accounted for, 

incorporation status becomes insignificant in the outcome equation, suggesting that its main 

influence operates through the selection mechanism. To validate our results, we estimated 

fixed-effects models controlling for unobserved time-invariant heterogeneity, such as 

managerial practices, internal culture, or informal networks (see Annex Table 6). The core 

findings hold across all robustness checks, including pooled OLS models with clustered 

standard errors. These results strengthen confidence in the consistency of our estimates. 

Nonetheless, some limitations remain. While our findings underscore the significance of 

intangible capital, they suggest that its role is more facilitative than causal. Intangibles 

appear to support rather than directly drive growth, consistent with the view that their 

relevance depends on firm strategy and sectoral context (Chappell & Jaffe, 2018). Similarly, 

we do not have information on intra-firm processes or the strategic orientation of firms (see 

also Anderson and Eshima 2013). Due to a lack of data, we did not consider organisational 

capital such as training and education. Moreover, in our analysis micro-enterprises and some 

very small firms are underrepresented, although the dataset is complete for entities engaged 

in R&D activities in Austria. Nevertheless, the results provide a robust picture of the impact of 

intangible investment on productivity and employment dynamics in Austrian firms. 
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We conceptualise intangible capital not as a production input per se (K. Friesenbichler et al., 

2025)), but as a facilitator of dynamic efficiency. Accordingly, we exclude it from the 

production function and assess its effects on productivity as a residual outcome (Crass & 

Peters, 2014). This framework is particularly suitable for small open economies like Austria, 

where the production role of intangibles is less tied to market power and more to incremental 

performance improvements across a wide range of firms. In such settings, the diffusion of 

intangible practices, rather than their concentration in superstar firms, may be the more 

relevant empirical phenomenon (Di Ubaldo and Siedschlag 2021; Bloch, Eklund, and Piekkola 

2023). 

Finally, to examine autocorrelation, we estimated autoregressive models with year and 

industry fixed effects. The AR(1) coefficients for labour productivity (-0.39), TFP (-0.43), and 

employment growth (-0.27) are negative, aligning with established findings on firm dynamics 

(Coad & Hölzl, 2009). In light of this, we chose not to include lagged dependent variables in 

the main specifications. 

7. Discussion and Conclusion 

This study examines the role of intangible capital investment in shaping firm performance, 

using registry data from Austrian firms between 2010 and 2018. Drawing on comprehensive 

firm-level information, we analyse how intangible assets relate to labour productivity and 

employment growth over different time horizons and across sectors with varying ICT intensity 

(see also Hölzl et al., 2019, 2025). 

Our descriptive analysis indicates the expected heterogeneity in intangible investment across 

firms and sectors. Intangible investment is uneven and lumpy, and only a small share of firms 

engage in it at all. Firms that do invest in intangibles tend to simultaneously invest more 

heavily in tangible capital, suggesting complementary investment strategies. This selective 
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engagement may reflect not only barriers or missed opportunities but also differing business 

models; some firms simply may not require intangible capital for their operations. 

Investment intensity is particularly pronounced in certain service and manufacturing sectors, 

where intangible investment represents a substantial share of value added. Still, the share of 

investing firms - the extensive margin - varies markedly across sectors and shows only a weak 

correlation with investment intensity. These sectoral patterns underscore the importance of 

distinguishing between how many firms invest and how much they invest. 

Unlike much of the existing literature, our analysis explicitly addresses potential sample 

selection bias in the econometric estimations. This is particularly relevant given that many 

influential studies (especially those focused on the United States) rely on data from “superstar 

firms” (Hall 2018; De Loecker, Eeckhout, and Unger 2020; Autor et al. 2020; Tambe et al. 2020; 

Ayyagari, Demirguc-Kunt, and Maksimovic 2024). In contrast, our context is that of a small 

open economy, where such dominant firms are largely absent, and where intangible capital 

may serve different functions. 

We further explore how intangible capital relates to productivity and employment outcomes 

by categorising firms according to their growth trajectories. Firms that reduce employment 

but achieve above-median productivity gains -the “successful downsizers”- make the largest 

contribution to aggregate productivity growth. Interestingly, these firms tend to reduce their 

intangible capital stock, though not as sharply as their unsuccessful counterparts. This pattern 

suggests that labour reallocation, rather than intangible investment alone, may drive 

productivity gains in this segment of the firm population. 

This mixed picture leads us to examine the impact of the extensive and intensive margins of 

intangible investment on productivity growth across growth intensities. In a regression analysis, 

we empirically examine whether and how the intensity and frequency of investment in 

intangibles (the intensive margin) and their ubiquity (the extensive margin) are related to firm 



– 26 – 

  

  

productivity and employment growth. This links our study to the policy debate. Not only are 

employment and productivity growth objectives that policymakers try to achieve 

simultaneously, there is also a debate about possible trade-offs related to labour-saving 

technological change.  

Our findings complicate the narrative of intangible capital as a straightforward growth driver. 

Regarding labour productivity, we find no support for the hypothesis that intangible 

investment lacks short-term impact. On the contrary, firms that invest consistently in intangible 

assets exhibit significantly higher productivity growth in the short term. This suggests that 

intangible capital can deliver immediate performance benefits, particularly when 

embedded in sustained strategic behaviour. However, medium-term effects are less robust. 

We observe only weakly significant productivity gains at the upper end of the conditional 

distribution, which provides limited support for the notion that intangible assets deliver broad-

based, cumulative advantages over time. 

The relationship between intangible capital and employment growth similarly departs from 

theoretical expectations. While the average association between intangible investment and 

employment is modest, we find that firms engaging in frequent intangible investment 

experience significantly higher employment growt, both in the short and medium term. This 

finding directly contradicts the hypothesis that intangible capital substitutes for labour in the 

medium run. Rather, it suggests that intangible-intensive firms may be expanding their 

workforce to scale or support new organisational routines, particularly in high-ICT intensity 

sectors. This roughly supports recent findings that intangible capital accumulation is positively, 

but only weakly linked to employment growth (Stehrer, 2024). 

These results point to two overarching insights. First, the performance effects of intangible 

investment are contingent- on time, frequency, and sectoral context. Intangible capital 

appears to function less as an isolated input and more as an enabler of firm-specific 

https://www.sciencedirect.com/topics/economics-econometrics-and-finance/intangible-capital


– 27 – 

  

  

trajectories. Second, investment behaviour matters. It is not simply the presence of intangible 

assets that drives growth, but the persistence and strategic integration of such investments 

into firm operations. 

For policymakers, these findings signal the importance of designing support instruments that 

go beyond one-off incentives. Facilitating long-term investment behaviour, strengthening 

organisational capabilities, and tailoring interventions to sectoral absorptive capacities are 

likely more effective paths to fostering inclusive and sustainable firm growth in an increasingly 

intangible-driven economy. 
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Table 1: Intangible investment share and ubiquity of investors at the sector level 

Nace Rev. 2, 1-digit Sector 

Mean int. 

inv. as a 

share of 

VA 

Share of 

immaterial 

investors 

Share of 

perm. 

Immat. 

investors 

Mean 

coverage 

of years 

with 

immat. 

inv. In % 

 
   

  
Manufacturing C 5.6% 44.8% 15.7% 32.6% 

Electricity, gas, steam and air conditioning supply D 2.1% 48.5% 10.6% 35.5% 

Water supply; sewerage, waste man. and remediation act. E 0.7% 29.8% 5.7% 19.1% 

Construction F 0.4% 23.6% 5.1% 15.3% 

Wholesale and retail trade; rep. of motor vehicles and -cycles G 1.3% 26.7% 6.6% 17.7% 

Transportation and storage H 4.0% 25.1% 6.0% 16.2% 

Accommodation and food service activities I 0.4% 19.7% 4.6% 11.7% 

Information and communication J 10.1% 46.5% 18.5% 37.1% 

Financial and insurance activities K 1.0% 59.3% 7.0% 44.4% 

Real estate activities L 0.6% 23.8% 2.6% 18.9% 

Professional, scientific and technical activities M 10.5% 36.3% 11.7% 28.1% 

Administrative and support service activities N 0.7% 23.9% 6.1% 16.0% 

Source: STAT data, own calculations. 

Note: This table uses Nace Rev. 2 1-digit sectors to shows the sectoral means of (i) intangible investments as a share 

of value added, (ii) the share firms that at least once invested into intangible capital, (iii) the share of firms that 

permanently (i.e., every year) invest in intangible capital), and the average coverage of years reported in which 

investments into intangible capital was made. Sector “S” (Other service activies) excluded due to small sample size.  

 



  

Table 2: Employment and labour productivity dynamics  

 

Successful 

upsizer 

Unsuccessful 

upsizer 

Successful 

downsizer 

Unsuccessful 

downsizer 

 LP > LPp50 LP < LPp50 LP > LPp50 LP < LPp50 

 

EMP > 

EMPp50 
EMP > EMPp50 

EMP < 

EMPp50 
EMP > EMPp50 

 LP 5.4% -6.1% 6.1% -5.2% 

 Emp. 5.1% 6.0% -4.3% -3.1% 

Share of firms 21.4% 28.7% 28.6% 21.3% 
Share Int. Inv.  

in total inv., t 9.0% 8.6% 11.0% 10.9% 
Share int. Inv.  

in total inv. t-1 5.4% 5.5% 6.0% 6.5% 

 int. capital stock 3.2% 1.5% -0.6% -3.2% 

Source: STAT data, own calculations. Illustration adapted from Baily et al. (1996).  

Note: LP, EMP and  immat. cap. are firm-specific. LP denotes labour productivity, EMP 

employment, and “Immat. cap.” the immaterial capital stock. The subscripts are dropped to 

shorten the description. ** p<0.01, * p<0.05, + p<0.1. 

 



  

Table 3: Labour productivity growth – regression results 

 (1) (2) (3) (4) (5) (6) (7) 

 N-W N-W HECK QUANT p20 QUANT p40 QUANT p60 QUANT p80 

INV 0.0000       

 (0.001)       

PERM. 0.0072**       

 (0.002)       
 INT t-1  

0.0001 0.0011** -0.0001 0.0011 0.0016 0.0039* 

  (0.000) (0.000) (0.002) (0.001) (0.001) (0.002) 

FREQU  0.0006* 0.0055** 0.0033+ -0.0004 -0.0043** -0.0075** 

  (0.000) (0.002) (0.002) (0.002) (0.002) (0.002) 

 CAP t-1 0.0128** 0.0152** 0.0197** 0.0112+ 0.0189* 0.0397** 0.0504** 

 (0.003) (0.002) (0.004) (0.006) (0.008) (0.007) (0.009) 

 SUB t-1 -0.0066 -0.0062 -0.0180 0.0615 -0.0213 -0.0106 -0.0942 

 (0.006) (0.005) (0.022) (0.074) (0.067) (0.058) (0.162) 

CORP 0.0006 0.0008 0.0024 -0.0041 0.0101 0.0106 0.0213* 

 (0.001) (0.001) (0.003) (0.008) (0.007) (0.007) (0.010) 

Distance t-1 0.2427** 0.2545** 0.2423** 0.8347** 0.6524** 0.6149** 0.6764** 

 (0.003) (0.003) (0.006) (0.023) (0.021) (0.017) (0.021) 

Sector effects Y Y Y Y Y Y Y 

Time effects Y Y Y n.a. n.a. n.a. n.a. 

Constant 0.0051 -0.0148** -0.5516** -0.6762** -0.4398** -0.2923** -0.1040 

 (0.004) (0.003) (0.023) (0.039) (0.026) (0.033) (0.072) 

Obs. 100,075 139,802 100,074 15,785 15,785 15,785 15,785 

 

Source: STAT data, own calculations.  

Note:  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) with which firms invest into intangible capital,  CAP the 

growth rate of tangible capital.  SUB is the change in the share of subsidies that firms receive. CORP denotes incorporated companies. ** p<0.01, * p<0.05, + 

p<0.1.     
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Table 4: Employment growth - regression results 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

 NW NW QUANT p20 QUANT p40 QUANT p60 QUANT p80 QUANT p20 QUANT p40 QUANT p60 QUANT p80 

INV 0.0100**  0.0560** 0.0396** 0.0411** 0.0540**     

 (0.001)  (0.007) (0.005) (0.005) (0.007)     

PERM 0.0216**  0.0871** 0.0475** 0.0509** 0.0602**     

 (0.003)  (0.012) (0.011) (0.010) (0.011)     

 INTt-1  
0.0047**     -0.0006 -0.0001 0.0007 0.0021 

  (0.000)     (0.002) (0.001) (0.001) (0.001) 

FREQU  0.0033**     0.0153** 0.0105** 0.0100** 0.0118** 

  (0.000)     (0.002) (0.002) (0.002) (0.002) 

 CAP t-1 0.0633** 0.0473** 0.0195+ 0.0442** 0.0771** 0.1312** 0.0205* 0.0442** 0.0767** 0.1321** 

 (0.011) (0.009) (0.011) (0.008) (0.011) (0.012) (0.010) (0.008) (0.010) (0.012) 

 SUB t-1 -0.0398 -0.0484+ 0.1277 0.0325 0.1501 0.4265* 0.1239 0.0322 0.1501 0.4080* 

 (0.025) (0.027) (0.125) (0.152) (0.138) (0.199) (0.121) (0.151) (0.149) (0.205) 

CORP 0.0047** 0.0070** -0.0025 0.0067 0.0186** 0.0354** -0.0013 0.0070 0.0192** 0.0367** 

 (0.001) (0.001) (0.007) (0.005) (0.005) (0.006) (0.007) (0.005) (0.005) (0.006) 

EMP, t0 -0.0108** -0.0109** -0.0484** -0.0327** -0.0418** -0.0554** -0.0479** -0.0330** -0.0414** -0.0548** 

 (0.001) (0.001) (0.004) (0.003) (0.003) (0.003) (0.004) (0.003) (0.002) (0.003) 

Constant 0.0273** 0.0229 -0.0829* -0.0221 0.1530** 0.3278** -0.0898* -0.0222 0.1447** 0.3288** 

 (0.003) (0.000) (0.038) (0.029) (0.038) (0.036) (0.039) (0.029) (0.039) (0.034) 

Sector effects Y Y Y Y Y Y Y Y Y Y 

Time effects Y Y n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a. 

Obs. 97,592 137,008 15,322 15,322 15,322 15,322 15,322 15,322 15,322 15,322 

Source: STAT data, own calculations.  

Note:  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) with which firms invest into intangible capital,  CAP the 

growth rate of tangible capital.  SUB is the change in the share of subsidies that firms receive. CORP denotes incorporated companies. EMP, t0 is an 

out-of-sample level of employment (FTE) at the base year. ** p<0.01, * p<0.05, + p<0.1.  
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Variable definitions 

We explain gross value added by the firm specific labour stock, tangible, and intangible 

capital. In particular, the capital stock variables are not directly included in the data, which is 

why we compute proxies. 

Labour stock. The labour stock was computed as the number of employees in full time 

equivalents, from which the R&D employees were deducted. This is to avoid 

double-counting, because the costs of R&D employees are already considered in R&D 

expenditures, which are a component of the intangible capital stock formation. 

Tangible capital stock. The data does not contain capital stocks, but investments that 

allowed us to compute a proxy for the firm-specific capital stock.1 We compute proxies for 

both material and immaterial capital stocks which we use to estimate an AKL production 

function in a stepwise approach. First, we used OECD STAN information on capital per 

employees at the Nace Rev. 2 2-digit level for the base year 2008. Second, we multiply the 

industry-level capital intensity by the enterprise-specific employment information (number of 

persons employed in full time equivalents) to obtain an enterprise specific initial capital stock. 

Third, we add annual investments and deduct depreciation to obtain the annual capital 

stocks of the subsequent years. Investments into tangible capital are defined as investments 

in land and buildings (including self-construction) and machinery and equipment (including 

transport, low-value, or used equipment). The depreciation rates were obtained from the 

OECD and allowed to vary across Nace Rev. 2 2-digit industries and by asset class (see 

below).2 

 
1 The chosen approach resembles the procedure by the OECD’s Multiprod project 

(https://www.oecd.org/sti/ind/multiprod.htm, accessed on 15 June 2025). 

2 The data contain a variable on firm-specific depreciation, whose sectoral aggregates are consistent with the 

sectoral depreciation rates based on the OECD data (=0.98). 

https://www.oecd.org/sti/ind/multiprod.htm
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Intangible capital stock. We implement the definition of intangible investments described 

above. The capital stocks were then computed analogously to tangible capital.  

Depreciation rates. We adjust the sectoral depreciation rates of both tangible and intangible 

capital to consider the observation that intangible capital is typically depreciated faster than 

physical investments (Corrado, Hulten, and Sichel 2009). Hence, we use the capital stock of 

the base year as described above and split the capital stock into a tangible (s) and an 

intangible part (1-s). We use the overall sectoral deprecation rate () as the starting point and 

draw on pooled information from the microdata at the sector level to compute the mean 

intensity of intangible investments in total investments. The depreciation rate for intangible 

capital was assumed to be 20%, and the was in the remainder of the sectoral depreciation 

rate is then attributed to the deprecation of tangible capital (t) so that =(1-s)*0,2+s* t. 

Total factor productivity 

Besides labour productivity, an additional dimension of firm performance is total factor 

productivity, which is a measure of overall efficiency. While the labour productivity regressions 

used previously controlled for changes in the capital stock, TFP is a firm-specific performance 

indicator that captures both capital and employment in the calculation of the productivity 

score. Recognising the extensive and growing discussion on the estimation of total factor 

productivity (Ackerberg et al., 2015; Levinsohn & Petrin, 2003; Olley & Pakes, 1996; Syverson, 

2011; Wooldridge, 2009). We specify the following production function: 

𝑌𝑖𝑡 = 𝐿𝑖𝑡
𝛽𝑙
∗ 𝐾𝑖𝑡

𝛽2
∗ 𝐴𝑖𝑡  (4) 

where Y is the output of firm i in year t measured as gross value added. The labor stock is 

denoted by L, K is tangible capital. A denotes the total factor productivity (TFP) of a firm. 

Defining the variables L and K, we exclude R&D employees in full time equivalents from total 
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employment, and only consider tangible capital stocks. After logarithmizing the production 

function, we obtain the following estimation equation: 

𝑦𝑖𝑡 = 𝛽0 + 𝛽𝑙⋅𝑙𝑖𝑡 +𝛽2⋅k𝑖𝑡+𝜔𝑖𝑡+𝑢𝑖𝑡 (5) 

where lower-case letters denote logarithmic terms, where ln(𝐴𝑖𝑡)= 𝛽0 +𝜔𝑖𝑡+𝑢𝑖𝑡. The intercept 𝛽0 

measures the mean efficiency level across firms. The term 𝑢𝑖𝑡 is an i.i.d. component, 

representing unexpected deviations from the mean (e.g. due to unexpected delays, 

measurement errors, etc.). 

The term 𝜔𝑖𝑡 is the firm-level productivity. It might be crucial for both firm selection and a firm’s 

input demand decision. This leads to a simultaneity problem in the estimation of the 

production function, which causes a bias in ordinary least squares estimations.  

We address this issue by using energy as a proxy variable to implement a generalised method 

of moments estimator proposed by Wooldridge (2009). The two-equation system has been 

argued to address identification issues and lead to more efficient estimators and simple 

inference. To obtain accurate standard errors and test statistics, we implement a 

bootstrapping with 10,000 replications. 
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Deriving labour productivity growth from a Cobb-Douglas function 

Labour productivity growth can be dereived from a Cobb-Douglas production function in 

several steps. Let us first define a production function: 

𝑌𝑡 = 𝐴(𝑡) ∗ ⁡𝐿𝐴𝐵𝑡
𝛽
∗ 𝑇𝐴𝑁𝐺𝑡

𝑎 ∗ 𝐼𝑁𝑇𝑡
𝛾
∗ ⁡𝐴𝑡  (A1) 

Y represents the output of firm i in year t. A is the total factor productivity. The labour stock is 

denoted by LAB, tangible capital by TANG, and intangible capital by INT. The output 

elasticities are   and . 

Next, we define labour productivity as the produced output per unit of labour: 

𝑌𝑡

𝐿𝑡
= 𝐴(𝑡) ∗ ⁡𝐿𝐴𝐵𝑡

(𝛽−1)
∗ 𝑇𝐴𝑁𝐺𝑡

𝑎 ∗ 𝐼𝑁𝑇𝑡
𝛾
∗ ⁡𝐴𝑡  (A2) 

Taking the natural logarithm leads to the following equation: 

ln(
𝑌𝑡

𝐿𝑡
) = ln(𝐴(𝑡)) +𝑎 ln( 𝑇𝐴𝑁𝐺(𝑡)) +𝛾ln⁡(𝐼𝑁𝑇(𝑡)) + (𝛽 − 1)ln⁡(𝐿𝐴𝐵(𝑡)) (A3) 

This equation is differentiated with respect to time: 

𝑑

𝑡
𝑙𝑛(

𝑌𝑡

𝐿𝑡
) =

𝑑

𝑡
[ln(𝐴(𝑡))] +𝑎

𝑑

𝑡
[ln( 𝑇𝐴𝑁𝐺(𝑡))] +𝛾

𝑑

𝑡
[ln(𝐼𝑁𝑇(𝑡))] + (𝛽 − 1)

𝑑

𝑡
ln⁡[⁡(𝐿𝐴𝐵(𝑡))] (A4) 

Finally, we rearrange the terms to isolate the growth rate and, for simplicity, we change the 

notation, so that prime denotes the derivatives with respect to time: 

LP 𝐺𝑟𝑜𝑤𝑡ℎ⁡ = 𝐴′(𝑡)/𝐴(𝑡)+𝑎𝑇𝐴𝑁𝐺′(𝑡)/𝑇𝐴𝑁𝐺(𝑡) +𝛾(𝐼𝑁𝑇′/𝐼𝑁𝑇(𝑡) + (𝛽 − 1)⁡(𝐿𝐴𝐵′(𝑡)/𝐿𝐴𝐵(𝑡)  (A5) 
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Additional descriptive statistics  

 Mean Median Std.Dev. 

LP, nat. log 4.26 4.21 0.55 

TFP, nat. log  2.74 2.72 0.59 

Emp., nat. log 3.03 2.94 1.16 

LP, nat. log, t0 4.29 4.25 0.54 

TFP, nat. log, t0 2.78 2.75 0.61 

Emp., nat. log, t0 3.21 3.09 1.18 

LP, nat. log 0.04 0.03 0.42 

TFP, nat. log  0.03 0.03 0.43 

Emp., nat. log 0.08 0.05 0.41 

Immat. Invest / Total Invest 0.07 0.00 0.19 

Immat. Investor, Dummy 0.61 0.00 0.49 

Capital stock, nat. log. 7.84 7.71 1.55 

Material capital stock, nat. log 7.88 7.73 1.63 

Intangible capital stock, nat. log 2.14 0.00 2.64 

Source: STAT data, own calculations.  

Note: Sample composition varies across subsamples 
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Sample selection regressions 

Table 5: Heckman regression results incl. first stage  

 INV LP INV TFP 

 HECK, 1st stage HECK, 2nd stage HECK,1st stage HECK, 2nd stage 

 INT, t-1 0.0147** 0.0011** 0.0141** -0.0001 

 (0.002) (0.000) (0.002) (0.000) 

FREQU  0.0055**  0.0047* 

  (0.002)  (0.002) 

 CAP, t-1 0.3320** 0.0197**   

 (0.032) (0.004)   

 SUB, t-1 0.0226 -0.0180 0.0366 0.0002 

 (0.053) (0.022) (0.047) (0.043) 

CORP 0.1498** 0.0024 0.1860** 0.0028 

 (0.016) (0.003) (0.017) (0.002) 

Distance, t-1 -0.2547** 0.2423** -0.1451** 0.2388** 

 (0.032) (0.006) (0.032) (0.006) 

Sector effects Y Y Y Y 

Time effects Y Y Y Y 

ICT, med. low 0.5536**  0.8821**  

 (0.026)  (0.051)  

ICT, med. high 0.2418**  1.7750**  

 (0.017)  (0.242)  

ICT, high 0.4623**  0.7406**  

 (0.018)  (0.093)  

Constant -0.0540** -0.5516** -1.0802** -0.1850** 

 (0.010) (0.023) (0.043) (0.016) 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) with which firms 

invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the share of subsidies 

that firms receive. CORP denotes incorporated companies. ** p<0.01, * p<0.05, + p<0.1.



  

Robustness checks 

Table 6: LP growth, panel, fixed effects at the firm level 
 (1) (2) (3) (4) 

 Panel, FE Panel, FE Panel, FE Panel, FE 
     

INVEST_INT, dummy  0.00   
  (0.002)   

PERM_INT, dummy  n.a.   
     

 CAP, t-1 0.00* 0.00 0.00+ 0.00+ 
 (0.002) (0.003) (0.002) (0.002) 

Distance, t-1 1.01** 1.12** 1.01** 1.01** 
 (0.008) (0.010) (0.008) (0.008) 

 SUB, t-1 0.00 -0.00 0.00 0.00 
 (0.006) (0.005) (0.007) (0.007) 

CORP 0.01 0.01 0.01 0.01 
 (0.011) (0.012) (0.011) (0.011) 

 INT, t-1   0.00 0.00 
   (0.000) (0.000) 

FREQU   0.00 0.01** 
   (0.000) (0.003) 

FREQU, squared    -0.00** 
    (0.001) 

Constant -0.57** -0.52** -0.57** -0.57** 
 (0.051) (0.059) (0.051) (0.051) 
     

Observations 139,802 100,075 139,802 139,802 

R-squared 0.231 0.255 0.231 0.231 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017. PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include time and 

industry (NACE Rev. 2, 2-digit) effects. Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 
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Table 7: LP growth, OLS, panel, s.e. clustered at the firm level 
 (1) (2) (3) (4) 

 Panel. Clust. 
S.e. 

Panel. Clust. 
S.e. 

Panel. Clust. 
S.e. 

Panel. Clust. 
S.e. 

     

INVEST_INT, dummy  0.00   
  (0.001)   

PERM_INT, dummy  0.01**   
  (0.002)   

 CAP, t-1 0.02** 0.01** 0.02** 0.01** 
 (0.003) (0.003) (0.003) (0.003) 

Distance, t-1 0.25** 0.24** 0.25** 0.25** 
 (0.003) (0.004) (0.003) (0.003) 

 SUB, t-1 -0.01 -0.01 -0.01 -0.01 
 (0.005) (0.005) (0.005) (0.005) 

CORP 0.00 0.00 0.00 0.00 
 (0.001) (0.001) (0.001) (0.001) 

 INT, t-1   0.00 0.00 
   (0.000) (0.000) 

FREQU   0.00* 0.01** 
   (0.000) (0.002) 

FREQU, squared    -0.00** 
    (0.001) 

Constant -0.01** 0.01 -0.01** -0.01** 
 (0.003) (0.003) (0.003) (0.004) 
     

Observations 139,802 100,075 139,802 139,802 

R-squared 0.063 0.060 0.063 0.063 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017. PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include time and 

industry (NACE Rev. 2, 2-digit) effects. Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 
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Table 8: LP growth, OLS, cross section, s.e. clustered at the firm level 

 
 (1) (2) (3) (4) 

 OLS, cl. OLS, cl. OLS, cl. OLS, cl. 

INVEST_INT, dummy  -0.01   
  (0.009)   

PERM_INT, dummy  -0.00   

 
 (0.017)   

 CAP, t-1 0.03** 0.03** 0.03** 0.03** 
 (0.008) (0.008) (0.008) (0.008) 

Distance, t-1 0.69** 0.69** 0.69** 0.69** 
 (0.026) (0.026) (0.026) (0.026) 

 SUB, t-1 -0.03 -0.03 -0.03 -0.03 
 (0.071) (0.072) (0.070) (0.071) 

CORP 0.01 0.02 0.02 0.02 

 
(0.017) (0.017) (0.017) (0.017) 

 INT, t-1   0.00+ 0.00* 

 
  (0.001) (0.001) 

FREQU   -0.00 0.01 
   (0.003) (0.007) 

FREQU, squared    -0.00 
    (0.002) 

Constant -0.51** -0.51** -0.50** -0.50** 

 
(0.019) (0.019) (0.017) (0.017) 

 
    

Observations 15,510 15,510 15,510 15,510 

R-squared 0.200 0.200 0.200 0.200 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017. PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include industry 

effects (NACE Rev. 2, 2-digit). Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 
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Table 9: Employment growth, panel, fixed effects at the firm level 
 (1) (2) (3) (4) 

 Panel, FE Panel, FE Panel, FE Panel, FE 

     

INVEST_INT, dummy  -0.00+   

  (0.002)   

PERM_INT, dummy  -   

 
    

 CAP, t-1 0.04** 0.05** 0.04** 0.04** 

 (0.013) (0.014) (0.012) (0.012) 

Emp., base year - - - - 

 
    

 SUB, t-1 -0.06+ -0.05 -0.05+ -0.05+ 

 (0.034) (0.035) (0.033) (0.033) 

CORP 0.04** 0.04** 0.04** 0.04** 

 
(0.012) (0.012) (0.012) (0.012) 

 INT, t-1   0.00** 0.00** 

 
  (0.000) (0.000) 

FREQU   -0.00 -0.02** 

   (0.000) (0.003) 

FREQU, squared    0.01** 

 
   (0.001) 

Constant 0.01 -0.09 0.01 0.01 

 
(0.071) (0.077) (0.071) (0.071) 

 
    

Observations 137,008 97,592 137,008 137,008 

R-squared 0.014 0.018 0.017 0.017 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017. PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include time and 

industry (NACE Rev. 2, 2-digit) effects. Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 
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Table 10: Employment growth, OLS, panel, s.e. clustered at the firm level 
 (1) (2) (3) (4) 

 Panel. Clust. 
S.e. 

Panel. Clust. 
S.e. 

Panel. Clust. 
S.e. 

Panel. Clust. 
S.e. 

     

INVEST_INT, dummy  0.01**   

  (0.001)   

PERM_INT, dummy  0.02**   

 
 (0.003)   

 CAP, t-1 0.05** 0.06** 0.05** 0.05** 

 (0.011) (0.012) (0.011) (0.011) 

Emp., base year -0.01** -0.01** -0.01** -0.01** 

 
(0.000) (0.001) (0.001) (0.001) 

 SUB, t-1 -0.05+ -0.04 -0.05+ -0.05+ 

 (0.029) (0.026) (0.029) (0.029) 

CORP 0.01** 0.00** 0.01** 0.01** 

 
(0.001) (0.001) (0.001) (0.001) 

 INT, t-1   0.00** 0.00** 

 
  (0.000) (0.000) 

FREQU   0.00** 0.01** 

   (0.000) (0.002) 

FREQU, squared    -0.00 

 
   (0.001) 

Constant 0.01 0.03 0.02 0.03 

 
(.) (426.266) (289.947) (479.737) 

 
    

Observations 137,008 97,592 137,008 137,008 

R-squared 0.015 0.020 0.019 0.019 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017. PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include time and 

industry (NACE Rev. 2, 2-digit) effects. Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 
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Table 11: Employment growth, OLS, cross section, s.e. clustered at the firm level 
 (1) (2) (3) (4) 

 OLS, cl. OLS, cl. OLS, cl. OLS, cl. 

INVEST_INT, dummy  0.08**   

  (0.008)   

PERM_INT, dummy  0.10**   

 
 (0.013)   

 CAP, t-1 0.05** 0.04* 0.04* 0.04* 

 (0.017) (0.016) (0.016) (0.016) 

Emp., base year -0.06** -0.07** -0.07** -0.07** 

 
(0.005) (0.006) (0.006) (0.006) 

 SUB, t-1 0.35* 0.36** 0.36** 0.36** 

 (0.137) (0.131) (0.132) (0.132) 

CORP 0.02* 0.02** 0.02** 0.02** 

 
(0.007) (0.007) (0.007) (0.007) 

 INT, t-1   0.00 0.00 

 
  (0.002) (0.002) 

FREQU   0.02** 0.02+ 

   (0.002) (0.008) 

FREQU, squared    0.00 

 
   (0.003) 

Constant 0.43** 0.39** 0.39** 0.39** 

 
(0.026) (0.027) (0.026) (0.027) 

 
    

Observations 15,079 15,079 15,079 15,079 

R-squared 0.102 0.113 0.113 0.113 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017. PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include industry 

effects (NACE Rev. 2, 2-digit). Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 
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Total factor productivity growth 

Following the literature on total factor productivity (TFP) (Ackerberg et al., 2015; Levinsohn & 

Petrin, 2003; Olley & Pakes, 1996; Syverson, 2011; Wooldridge, 2009), we specify the following 

production function: 

 

𝑌𝑖𝑡 = 𝐿𝐴𝐵𝑖𝑡
𝛽𝑙
∗ 𝑇𝐴𝑁𝐺𝑖𝑡

𝛽2
∗ ⁡𝐴𝑖𝑡  (1) 

 

Here, Y represents the output of firm i in year t, which is measured as gross value added. 

Labour stock is denoted by `L´ and tangible capital by `TANG´1. `A´ denotes total factor 

productivity, the indicator of interest. Let lowercase letters denote logarithmic terms. TFP 

comprises of ln(𝐴𝑖𝑡)= 𝛽0 +𝜔𝑖𝑡+𝑢𝑖𝑡. The term 𝑢𝑖𝑡 is a stochastic residual. The term 𝜔𝑖𝑡 is a firm-

specific productivity component which is only known to the firm. This is the source of 

endogeneity because firm-specific productivity forms the basis for input choice. When 

productivity shocks occur in profit-maximising firms, they increase their output, which requires 

additional inputs. Although the productivity shock is not observed empirically, it affects the 

choice of inputs. This leads to a simultaneity problem when estimating the production 

function, causing bias in ordinary least squares estimations. However, the approach 

suggested by Ackerberg et al. (2015) resolves these empirical issues. Please see the Annex for 

a more detailed description. 

Results for total factor productivity growth 

 
1 Intangible capital was not considered in the production function in order to explore its effects in the subsequent 

regression analysis. Including information on intangible capital in the production function would result in a total factor 

productivity (TFP) measure that already accounted for intangibles. This would be a production function approach, as 

opposed to the regression analysis chosen here. 
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The regressions using TFP growth as performance variable are presented in Table 12. The 

results show that firms that invest in intangibles each year have slightly higher productivity 

growth rates. However, this coefficient is only marginally significant. There is no evidence for 

the effect of the intensive margin in the contemporaneous results (column (1)). Overall, the 

picture that emerges is similar to that for labour productivity growth.  

In column (2), the coefficient of the growth of the intangible capital stock is small, but 

negative and significant. It becomes insignificant in the Heckman specification, though 

(column (3)). In contrast, the impact of the frequency with which firms invest in intangibles is 

significantly positive when controlling for sample selection.  

The quantile regressions examine the role of intangibles in the medium-term growth of TFP, as 

illustrated in columns (4) through (7). The findings reveal a positive and statistically significant 

correlation between intangible capital growth and TFP growth for firms demonstrating 

medium to high performance growth. The magnitude of the coefficients increases with higher 

firm productivity growth rates. A significant and increasingly negative relationship is also 

found between the frequency of investment and TFP growth; that is, investments that are 

more concentrated over time are more conducive to TFP growth at higher growth rates. 



  

Table 12: TFP growth - regression results 

 (1) (2) (3) (4) (5) (6) (7) 

 N-W N-W HECK QUANT p20 QUANT p40 QUANT p60 QUANT p80 

INV -0.0002       

 (0.001)       

PERM 0.0039+       

 (0.002)       
 INT t-1 

 -0.0007** -0.0001 0.0007 0.0027* 0.0043** 0.0073** 

  (0.000) (0.000) (0.002) (0.001) (0.001) (0.002) 

FREQU  0.0004 0.0047* -0.0014 -0.0043** -0.0059** -0.0080** 

  (0.000) (0.002) (0.002) (0.002) (0.002) (0.002) 

 SUB t-1 -0.0045 -0.0040 0.0002 0.2237* 0.1009 0.1155 0.0803 

 (0.005) (0.005) (0.043) (0.088) (0.081) (0.074) (0.105) 

CORP 0.0013 0.0032** 0.0028 -0.0009 0.0118+ 0.0128* 0.0199* 

 (0.001) (0.001) (0.002) (0.009) (0.006) (0.006) (0.008) 

Distance t-1 0.2429** 0.2541** 0.2388** 0.7950** 0.6599** 0.6259** 0.6914** 

 (0.003) (0.003) (0.006) (0.022) (0.018) (0.016) (0.019) 

Sector effects Y Y Y Y Y Y Y 

Time effects Y Y Y n.a. n.a. n.a. n.a. 

Constant -0.1014** -0.1049 -0.1850** -0.6224** -0.4281** -0.2882** -0.1638** 

 (0.037) (0.154) (0.016) (0.028) (0.031) (0.039) (0.041) 

Obs. 99,564 138,567 100,543 15,774 15,774 15,774 15,774 

 

Source: STAT data, own calculations.  

Note: INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) with which firms invest into intangible capital,  CAP the 

growth rate of tangible capital.  SUB is the change in the share of subsidies that firms receive. CORP denotes incorporated companies. ** p<0.01, * p<0.05, + 

p<0.1.  



  

 

Table 13: TFP growth, panel, fixed effects at the firm level 

 

 (1) (2) (3) (4) 

 Panel, FE Panel, FE Panel, FE Panel, FE 

     

INVEST_INT, dummy  0.00*   

  (0.002)   

PERM_INT, dummy  n.a.   

     

Distance, t-1 0.96** 1.05** 0.96** 0.96** 

 (0.008) (0.010) (0.008) (0.008) 

 SUB, t-1 0.00 -0.00 0.00 0.00 

 (0.005) (0.006) (0.005) (0.005) 

CORP 0.01 0.01 0.01 0.01 

 (0.012) (0.013) (0.012) (0.012) 

 INT, t-1   -0.00* -0.00* 

   (0.000) (0.000) 

FREQU   0.00** 0.02** 

   (0.000) (0.003) 

FREQU, squared    -0.01** 

    (0.001) 

Constant -0.39** -0.40** -0.39** -0.39** 

 (0.040) (0.059) (0.040) (0.040) 

     

Observations 138,567 99,564 138,567 138,567 

R-squared 0.295 0.276 0.295 0.296 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017. PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include time and 

industry (NACE Rev. 2, 2-digit) effects. Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 
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Table 14: TFP growth, OLS, panel, s.e. clustered at the firm level 

 

 (1) (2) (3) (4) 

VARIABLES 
Panel. Clust. 

S.e. 
Panel. Clust. 

S.e. 
Panel. Clust. 

S.e. 
Panel. Clust. 

S.e. 
     

INVEST_INT, dummy  -0.00   

  (0.001)   

PERM_INT, dummy  0.00+   

  (0.002)   

Distance, t-1 0.25** 0.24** 0.25** 0.25** 

 (0.003) (0.004) (0.003) (0.003) 

 SUB, t-1 -0.00 -0.00 -0.00 -0.00 

 (0.005) (0.005) (0.005) (0.005) 

CORP 0.00** 0.00 0.00** 0.00** 

 (0.001) (0.001) (0.001) (0.001) 

 INT, t-1   -0.00** -0.00** 

   (0.000) (0.000) 

FREQU   0.00 0.01** 

   (0.000) (0.002) 

FREQU, squared    -0.00** 

    (0.001) 

Constant -0.10 -0.10 -0.10 -0.11 

 (0.088) (0.081) (0.087) (0.088) 

     

Observations 138,567 99,564 138,567 138,567 

R-squared 0.147 0.092 0.147 0.147 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017. PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample.  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include time and 

industry (NACE Rev. 2, 2-digit) effects. Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 
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Table 15: TFP growth, OLS, cross section, s.e. clustered at the firm level 
 TFP TFP TFP TFP 

 OLS, cl. OLS, cl. OLS, cl. OLS, cl. 

INVEST_INT, dummy  -0.01   

  (0.010)   

PERM_INT, dummy  -0.01   

 
 (0.020)   

Distance, t-1 0.67** 0.67** 0.67** 0.67** 

 (0.025) (0.025) (0.025) (0.025) 

 SUB, t-1 0.09 0.08 0.08 0.08 

 (0.084) (0.084) (0.083) (0.083) 

CORP 0.02 0.02 0.02 0.02 

 
(0.017) (0.017) (0.017) (0.017) 

 INT, t-1   0.01** 0.01** 

 
  (0.001) (0.001) 

FREQU   -0.01+ -0.01 

   (0.003) (0.008) 

FREQU, squared    0.00 

    (0.002) 

Constant -0.57** -0.57** -0.56** -0.56** 

 
(0.016) (0.016) (0.016) (0.016) 

 
    

Observations 15,460 15,460 15,460 15,460 

R-squared 0.205 0.205 0.206 0.206 

Source: STAT data, own calculations.  

Note: INV is a binary variable indicating whether a firm has at least one invested in intangible capital between 2012 

and 2017 PERM is a subset of INV. It is binary variable indicating whether a firm has invested into intangible capital 

each year of the sample..  INT is the growth rates of intangible capital, FREQU the frequency (in percent of all years) 

with which firms invest into intangible capital,  CAP the growth rate of tangible capital.  SUB is the change in the 

share of subsidies that firms receive. CORP denotes incorporated companies. All specifications include industry 

effects (NACE Rev. 2, 2-digit). Standard errors are clustered at the firm level. ** p<0.01, * p<0.05, + p<0.1 


