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Abstract 
 

This paper estimates the effects of capital accumulation on industry labor shares by taking 

account of capital heterogeneity. Using a cross-country, cross-industry dataset covering 15 

European countries over 38 industries, I take advantage of a detailed breakdown of the capital 

stock including various physical, ICT and intangible assets. The results suggest that, over the 

1995-2015 period, capital accumulation has not been a driving force of declining labor shares 

- if anything the opposite. Performing a cross-section regression analysis on the relationship 

between long differences in capital intensities and industry labor shares, I find that 

accumulation of physical capital in general, and Machinery & Equipment in particular, are the 

only asset types showing a statistically significant correlation with the labor share, suggesting 

a positive association. In contrast to previous research, I do not document a negative 

relationship between ICT capital and labor shares. I do, however, find evidence suggesting that 

it might be investments in Software & Databases that explain these earlier findings. 
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I. Introduction 
The share of national income received by employees, the labor share of income, has always 

been considered a key measure of how income is distributed within an economy. As early as 

in the 19th century, David Ricardo (1891) claimed that one of the principal problems within 

political economy is to determine how the distribution of income between the production 

factors of labor and capital should be regulated. If capital income is more unequally distributed 

throughout the economy compared to income from labor, a declining labor share – and 

equivalently an increasing capital share - would imply an increase in the overall income 

inequality. Uncovering the driving forces of the factor income shares is thus important in order 

to understand the characteristics of the overall income distribution.  

 

In recent years, the labor share has therefore gained a lot of attention from researchers as 

evidence has been put forward that it has been on a global decline for the past decades 

(Karabarbounis and Neiman, 2014; Dao, et al., 2017). Efforts to disentangle the driving factors 

behind this decline have thus inspired a lot of research. One of the leading explanations as to 

why the labor share has declined focuses on the role of accumulation of capital, referred to by 

Rognile (2014) as the accumulation view. In a well-recognized paper, Karabarbounis and 

Neiman (2014) for example document that technological progress in information and 

communications technology (ICT), translated into lower prices for investment goods, plays a 

central role in explaining the declining labor share, arguing that firms have shifted away from 

labor towards capital. 

 

Most of the research on capital’s role in explaining downward movements in labor shares does 

however focus on capital as a homogenous good, often ignoring the possibility that depending 

on asset type, capital and labor may either complement or substitute one another. Using EU 

KLEMS data covering the capital stock across countries and industries, I contribute to this field 

of research by estimating the long run effects of capital accumulation on the labor share across 

countries and industries between 1995-2015 by taking account of capital heterogeneity, using 

a detailed breakdown of the capital stock of up to 11 different types of capital assets. 

Specifically, I estimate how long-term changes in within-industry capital intensities, defined 

as the capital stock of each asset type as share of value added, relates to long-term changes in 

industry labor shares. 
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Relying on simple accounting identities, one can show that changes in the total expenditures 

of capital on one hand can explain movements in labor shares. Focusing capital costs as a 

driving factor of the labor share would, however, only trivially explain how actual capital uses 

cause changes in the factor shares. The advantage of instead using the capital stock is because 

it captures the actual use of capital that ultimately depends on the choices of firms that seek to 

optimize production processes by using technology in the most effective way possible. 

Movements in the labor share that are due to changes in the capital stock alone would thus 

simply be the consequence of firms over time adopting the most efficient production 

technology.  

 

To the best of my knowledge, no study has yet included such degree of heterogeneity among 

capital assets when analyzing the effects of capital accumulation on the labor share as I do in 

this paper. An important detail is that the EU KLEMS data include (1) disaggregated data on 

ICT-capital, which is one of the capital types that has received the most attention as a potential 

driver of the labor share, and (2) for the first time include data on intangible asset types that are 

not capitalized within the national accounts, often left out from analyses of factor share 

movements. This breakdown thus enables to get a deeper insight of what types of capital assets 

that eventually serves as the most important drivers of the factor shares than any paper has 

previously have documented. In addition, inspired by Acemoglu and Restrepo’s (2019) seminal 

paper on a task-based framework of production, I investigate the relationship between 

accumulation of different types of capital and changes in the task content of production. This 

study is the first to use this framework to investigate how accumulation of different types of 

capital relates to changes in labor shares either by the creation of new tasks, or by the 

automation of tasks previously performed by labor. 

 

To derive a theoretical foundation for the analysis, I first show how accumulation of capital 

can cause movements in the labor share relying on a neoclassical framework using a Constant-

Elasticity-of-Substitution (CES) production function. Then, I demonstrate how the task-based 

framework of production applies to this setting and relates to the canonical model. To 

empirically asses the theoretical predictions, I perform a cross-section regression analysis on 

the long run effects of changes in capital intensity of the different capital assets on changes in 

the labor share between 1995-2015 across 15 EU countries and 38 industries. In addition, I 

analyze how the long run changes in capital intensities correlates with changes in the task 

content of production. 
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First, I document that the aggregate labor share has decreased in the majority of the studied 

countries between 1995-2015, however not showing any tendency of an overall decline across 

the whole sample. I further document that the trend of the capital stock as share of value added 

varies significantly both across time and types of capital, showing that intangible capital types 

have increased in importance over the past decades. The empirical results suggest that capital 

accumulation has not been a driving force of declining labor shares for the time period studied, 

if anything the opposite. In contrast to previous studies, this paper does not find a negative 

association between ICT capital and the labor share. Why the results differ compared to earlier 

papers could potentially be explained by the different time periods studied, as this is the first 

paper to investigate these relationships in a time period going beyond 2007. Another reason for 

the discrepancy between the results presented in this paper compared to previous literature 

might be found in the methodological choice, as this is the first paper to investigate the 

relationship between ICT capital intensity and industry labor shares estimating long-term 

differences. The results do, however, show that Software and Databases is the only component 

of ICT capital that is negatively correlated with the labor share, especially within non-

manufacturing sectors, indicating that it might be investments in Software and Databases that 

have driven the negative relationship between ICT capital and the labor share in earlier papers.  

 

I further document a negative change in the task content of production for ten out of the fifteen 

countries in the sample between 1995-2015, suggesting that for most of the countries, 

automation of tasks previously performed by labor have outpaced the rate in which new tasks 

are created. The results show, however, that the capital intensity of all the included asset types 

is either zero or positively correlated with changes in the task content, suggesting that 

technological advancements incorporated in these capital types have rather reinstated than 

displaced labor, having a positive impact on the labor share on average. Accumulation of 

capital, to the extent it is investigated in this paper, does therefore not seem to capture the 

source of the on average negative changes in task content that is documented across the 

countries in the sample.  

 

The paper proceed as follows. Section I reviews the relevant literature. Section II sets up the 

theoretical framework. Section III discusses the empirical strategy and the econometric 
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specifications. Section IV and V reviews data and descriptive statistics. Section VI presents the 

results, followed by a discussion in section VII and conclusions in section VIII. 

 

II. Background and Related Literature 
 

The share of GDP accruing to capital and labor was for long during the 20th century assumed 

to be constants over time, known as one of the main stylized facts within the field of 

macroeconomics. In recent years, however, this previously widely accepted notion has come 

to be challenged both theoretically and empirically. Several important contributions to the 

literature instead point towards a global decline in the labor share over the past decades. The 

apparent secular decline in the labor share across countries has been shown to be of significant 

size (Piketty and Zucman, 2014; Karabarbounis and Neiman, 2014) and to hold for both 

developing and advanced economies (Dao, et al., 2017). Although substantial heterogeneity 

across countries, the decline of the labor share seems not only to be real, but also a global 

phenomenon.  

 

As the decline in the labor share is well documented, its causes and driving forces remain to be 

a field of ongoing research. Potential explanations suggested by the empirical literature that 

have received wide attention are declining quality-adjusted prices for investment goods (such 

as ICT equipment) (Karabarbounis and Neiman, 2014), automation (Acemoglu and Restrepo, 

2019; Autor and Salomons, 2018), increased concentration of market power among firms 

(Autor, et al., 2020) and increased globalization and offshoring (Elsby et al., 2013).  

 

A common denominator for explanations relating to technological advancements is that firms 

for various reasons have accumulated capital over time, which has been followed by an increase 

in the capital share of total income. This is referred to by Rognile (2014) as the accumulation 

view, and it is thus within this field of research that this thesis contributes. What it says is 

basically that firms have substituted labor expenditures for capital expenditures in the 

production process. As technological progress has led to increasingly more capital-intensive 

production processes, there is evidence suggesting ICT capital have reduced the demand to 

middle-skilled labor (Michaels, Natraj and Van Reenen, 2014), and that higher educated 

workers are the ones who are mainly protected from the negative impacts of technology 

(O’Mahony, et al., 2019). For accumulation of capital to be responsible for downward 

movements of the labor share, it can however be shown that it requires an elasticity of 
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substitution between capital and labor that exceed unity. Estimates of the elasticity of 

substitution are however usually estimated to be below one (Chirinko, 2008), which therefore 

is the standard assumption within the literature. Piketty and Zucman (2014) and Karabarbounis 

and Neiman (2014), on the other hand, have both presented important results suggesting that it 

is larger when analyzing capital’s role in explaining factor share movements. Their findings 

have thus with empirical support raised the question of whether accumulation of capital might 

be a driving factor of the declining labor share. 

 

There are a few papers within the literature that directly estimate the effects of capital 

accumulation on the labor share. Bassanini and Manfredi (2012) analyze 25 OECD countries 

over up to 28 years between 1980 – 2007, and find a strong negative relationship between 

capital accumulation and industry labor shares, suggesting that an increase in the capital stock 

to value added of 1 percentage point is associated with a decrease in the labor share between 

0,05 to 0,23 percentage points. They further investigate this relationship by decomposing the 

capital stock into ICT and non-ICT capital, showing that ICT capital accumulation is 

particularly related to a decreased wage share for lower educated workers. In addition, they 

find that capital accumulation and total factor productivity growth jointly accounts for as much 

as 80 % of the contractions in the labor share. O’Mahony, et al. (2019) further investigates 

these relationships using a cross-country and cross-industry data set over the period of 1970 - 

2007. They found that labor share declines were mainly driven by ICT capital accumulation 

and technological progress, but mitigated by investments in R&D. These results thus seem to 

point towards a relationship between capital accumulation and the labor share, but most 

importantly for this paper, that investments in different types of capital appear to affect the 

labor share in different directions. Taking capital heterogeneity into account thus seem to be 

essential to get a more complete picture of the effect of capital investments on the labor share. 

The mentioned papers do employ data provided by EU KLEMS, which is also done in this 

paper. They do however only cover time periods prior to 2007, which is probably due to data 

availability in earlier EU KLEMS releases.1 This paper is thus the first to investigate the 

relationship between capital accumulation and the labor share using dating stretching past 

2007.  

                                                
1 O’Mahony, et al. (2019) use data from the EU KLEMS release of 2009, which only include data on labor and 
capital services until 2007. Bassanini and Manfredi (2012) does not source which release of EU KLEMS they 
use, but as the paper was first published in 2012, it is presumably one of the earlier releases. This paper instead 
uses the latest EU KLEMS release of 2019.  
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Another important contribution to the literature that has implications for this thesis is Acemoglu 

and Restrepo’s (2019) framework on how technology displaces and reinstates labor - the task-

based content of production. They provide a novel theoretical framework concerning the 

production process of firms where they show how it can be described as a task-based 

framework where different tasks are allocated between capital and labor. They show that 

independently of the elasticity of substitution between capital and labor, the labor share may 

decline if technological advancements make it possible to allocate tasks to be performed by 

capital that previously required labor input (i.e. automation). According to their theoretical 

model, technological innovations may thus completely substitute labor for capital through the 

automation of tasks such that the labor share declines, even though the elasticity of substitution 

between capital and labor is below unity. However, as they show, technological development 

may also foster the creation of new tasks in which labor has comparative advantage relative to 

capital. Think of these tasks as for example computerized design, programming, or new 

methods of conducting market research and data analyses. Adopting new tasks into the 

production process will according to this framework always increase the labor share of income, 

as labor will always have a comparative advantage in performing these new tasks compared to 

capital. Using this framework, Graetz (2019) for example documenting evidence suggesting 

that declining labor shares in the US and several large EU economies between 1987-2007 were 

driven by technological change and automation outpacing the creation of new tasks. This 

framework thus adds another dimension to this thesis as it for example allows for technological 

advancements embodied in the growing importance of “new” types of capital assets, such as 

ICT and intangible assets, to affect the labor share if investments in such types of capital have 

enabled the creation of new tasks where labor has a comparative advantage compared to capital. 

 

Apart from capital accumulation and changes in the task content, recent literature also 

emphasizes increasing product market concentration as an alternative cause to declining labor 

shares. As there is an empirical challenge to measure the true rental rate of capital, total 

compensation of capital is often calculated as a residual by subtracting total labor compensation 

from value added. This method does however not properly account for the pure profit’s size of 

total income.2 As perfect competition only exists in theory, declining competition and an 

increasing share of pure profits would thus, all else equal, imply a declining labor share of 

value added that is not due to substitution from labor to capital. Using US micro data, Barkai 

                                                
2 The part of value added that exceed the costs of labor and capital 
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(2020) makes a well-recognized effort to calculate the rental rate of capital in order to estimate 

the share of pure profits. He estimates that it has increased its’ share with about 13,5 percentage 

points between 1984-2014, and the findings thus point towards increasing market power and 

declining competition as a credible source for the observed downward movements in labor 

shares. Autor, et al. (2020) further document evidence that an increased concentration of 

industry sales to a small number of firms have led to the growth of so-called “superstar” firms, 

with high mark-ups and low labor shares. Using US micro data, they show that superstar firms 

have increased their market shares in a wide range of sectors, causing a decline in the aggregate 

labor share. This “winner take all” mechanism may further be related to an increased 

heterogeneity among capital assets. Barkai (2020) therefore raise the question of whether their 

findings might be driven by an increased importance of intangible capital assets that are not 

capitalized within the national accounts and thus not included in their calculations of capital’s 

share of total income. Koh, Santaeulàlia-Llopis and Zheng (2020), for example, show that in 

the US, certain intangible assets3 have increased their share of aggregate investments from 

3,1 % in 1901 to 27 % in 2018. In a digital era where network effects and brand development 

are increasingly important to gain market shares, it motivates to investigate the importance of 

intangible assets on the evolution of the labor share in further detail.  

 

Lastly, it has been shown that analyses of the labor share are associated with several difficulties 

in terms of measurement. First of all, Rognile (2015) show that the housing sector might be 

solely responsible for the long-term increase in the net capital share in many large developed 

countries since the mid 20th century, highlighting the importance of accounting for 

heterogeneity across industries when analyzing factor share movements over time. As this 

thesis focus on labor shares at industry-level, this issue does however not pose a threat to the 

empirical analysis. There is however always an empirical challenge of how to properly account 

for the compensation of self-employed in an economy when estimating the labor income share, 

as the compensation of this group is not accounted for in the wage bill of the national accounts. 

Gutiérrez et al. (2020) for example document that the increasing share of self employed in the 

economy might bias the labor share downwards if compensation for self-employed is not 

included as part of the wage bill. In the EU KLEMS data used in this paper, this issue is 

confronted by assuming that the wage of self-employed within an industry is the same as for 

                                                
3 Software, R&D and Artistic Originals 
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employees. This way of imputing the earnings of self-employed still offer threats to bias if self-

employed in reality earn higher wages relative to employees within the same industry, but it is 

however a suggested approximation (see e.g. Arpaia et al., 2009). 

 

III. Theoretical Framework 

 
The national income of an economy is always distributed between the two factors of production 

- capital and labor. The labor share of income is thus defined as the share of total value added 

that is paid out to labor as compensation for their services in terms of wages and other benefits. 

Using a simple accounting framework following Barkai (2020), it is easy to show how the 

factor shares are defined.  

 

If goods and services are produced with capital and labor as the factors of production, nominal 

value added (𝑃𝑌) can simply be expressed as a function of the two inputs, 𝑃𝑌	 = 	𝐹	(𝐾, 𝐿), 

where 𝐾	and 𝐿	are the amount of capital and labor used in the production process. As value 

added is equal to total revenue less intermediate consumption, it is then distributed between the 

factors of production as compensation for labor services or rental costs for capital services. A 

third component, pure profits, may also be part of value added if there is imperfect market 

competition and returns exceed the costs of labor and capital. The components of value added 

can thus be expressed by the following accounting identity:  

 

																																																												𝑃𝑌 = 𝑤𝐿 + 𝑟𝐾 + 𝑈																																																								(1) 

 

where 𝑃𝑌	is the nominal value added, 𝑤𝐿 is the compensation of employees, 𝑟𝐾 is capital costs 

and 𝑈 is the pure profit. Assuming perfect competition with zero pure profits, the labor (capital) 

share of income can be expressed as total labor (capital) compensation as share of nominal 

value added:  

 

																																																					𝑆1 =
𝑤𝐿
𝑃𝑌 =

𝑤𝐿
𝑤𝐿 + 𝑟𝐾	, 𝑤ℎ𝑒𝑟𝑒		𝑆1 = 1 − 𝑆5											(2)		 

 

Where 𝑆1 and  𝑆5  is the labor and capital share respectively.  
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To demonstrate how accumulation of capital can cause movements in the labor share I begin 

with relying on a neoclassical framework to derive the theoretical foundation using a Constant-

Elasticity-of-Substitution (CES) production function. This is one of the most commonly 

applied theoretical frameworks to explain possible driving forces of the labor share (see e.g. 

Karabarbounis and Neiman, 2014; Hobijn and Sahin, 2013 and Piketty and Zucman, 2014) and 

thus serves well for the purpose of this thesis. Continuing, I show how the task content of 

production framework developed by Acemoglu and Restrepo (2019) applies to this setting by 

demonstrating how technological progress can cause movements in the labor share either by 

reinstating or displacing labor, using a set up inspired by Graetz (2019). This would thus serve 

more as an indirect channel of how adoption of new types of capital and technological progress 

might affect the labor share either by the creation of new tasks in the production process or by 

the automation of tasks previously performed by labor. 

 

Consider first an industry with the following CES production function, where the quantity 

produced of output good Y is defined as 

 

																																							𝑌 = 7(1 − 𝛼)
9
:(𝐴5𝐾)

:<9
: + 𝛼

9
:(𝐴1𝐿)

:<9
: =

:
:<9

																										(3) 

 

Where K is the capital stock, L is the number of workers and 𝐴5 and 𝐴1 are factor-augmenting 

technologies for capital and labor respectively. 𝜎 is the elasticity of substitution between labor 

and capital and 𝛼 is a fixed parameter. Assuming firms compete in perfectly competitive 

markets, such that all income is divided between the factors of production, the labor share of 

income can be expressed as  

 

																																																									𝑆1 =
𝑤𝐿

𝑤𝐿 + 𝑟𝐾 =
1

1 + @𝑟𝐾𝑤𝐿A
																																									(4) 

 

Where 𝑤 and 𝑟 is the price of labor and capital respectively. If all firms are profit-maximizing 

and produce goods according to equation (3), it can be shown that the labor share equals  

 

																				𝑆1 = 	
1

1 + C(1 − 𝛼)
𝛼 D

1
𝜎
@𝐴𝐾𝐾𝐴𝐿𝐿

A
𝜎−1
𝜎

						(See	Appendix	for	derivation)									(5) 
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Equation (5) shows that changes in the labor share are directly related to changes in the ratio 

effective factor uses, 𝐴𝐾𝐾
𝐴𝐿𝐿

 , where the elasticity of substitution is of crucial importance for the 

direction of the change in the labor share. As factor uses are directly related to factor prices, 

changes in the latter will cause movements in the ratio of effective factor uses. For example, if 

the price of capital decreases such that the effective use of capital increase, the elasticity of 

substitution will dictate whether the labor share will increase or decrease. If 𝜎 > 1, capital and 

labor are substitutable and the increased use of capital would be larger than the decline in the 

price of capital, such that the labor share declines. If 𝜎 < 1, capital and labor are less 

substitutable, and the increased use of capital would instead be less than the decline in the price, 

and the labor share would increase. Relying on this neoclassical framework, Karabarbounis 

and Neiman (2014) and Piketty and Zucman (2014) estimates an elasticity of substitution that 

is larger than one, such that their findings have brought a lot of attention towards the question 

of whether increased accumulation of capital could be a potential explanatory factor of the 

downward movements in the labor share over the past decades. However, as capital is most 

commonly analyzed as a homogenous good in the empirical literature, it is reasonable that the 

elasticity of substitution between labor and capital varies across different types of capital. 

Assuming that the aggregate elasticity of substitution is larger than unity as some important 

findings suggest thus motivates to further investigate the relationship between capital 

accumulation and the labor share in more detail. Allowing for heterogeneity among capital 

assets to a wider extent than previously has been done would thus allow for different types of 

capital assets to affect the labor share in different directions, making it possible to analyze 

which types of assets that potentially serves as the most important drivers of the labor share. 

 

Building upon the neoclassical framework, Acemoglu and Restrepo (2019) on the other hand 

introduce a novel take on the production process of goods by providing an extension to the 

canonical model in (3), acknowledging that it is the completion of certain tasks that ultimately 

results in a final good. Whether a task is most effectively performed by labor or capital is what 

ultimately decides how different tasks are allocated between the factors of production, which 

in turn determines what is referred to as the task content of production. They show that a CES 

framework, incorporated with a task production function, the parameter 𝛼 in equation (3) can 

be interpreted as the share of tasks performed by labor, and (1- 𝛼) is then conversely the share 

of tasks performed by capital. As 𝛼 is commonly known as fixed parameter in most economic 

models, it is in this framework instead allowed to vary, which has some important implications. 
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The share of tasks performed by labor may change if for example (1) automation takes over 

tasks previously performed by labor (𝛼 decrease and there is a displacement effect) or (2) new 

tasks are created where labor is always assumed to have a comparative advantage over capital 

(𝛼 increase and there is a reinstatement effect). The derived expression for the labor share in 

equation (5) thus now also imply that changes in the labor share also depends on the parameter 

𝛼 and how tasks are allocated between capital and labor, independently of the elasticity of 

substitution. If new tasks are created, 𝛼 would increase and so would the labor share. Within-

industry movements in the labor share are thus in this framework caused either by changes in 

relative effective factor prices (where the direction of the change is determined by the elasticity 

of substitution) or simply by changes in the task-content of production. Therefore, this 

framework allows for accumulation of capital not only to cause changes in the labor share that 

are due to the elasticity of substitution between labor and capital, but instead by, for example, 

the increasing number tasks that are created (or automated) as technology advances and new 

types of capital emerge and grow of importance, such as ICT capital or intangible capital types.  

 

IV. Empirical Strategy 
 
In the first part of the analysis, I focus on the relationship between long-term differences in 

capital intensities and labor shares between 1995 - 2015, following a similar methodological 

approach as used by Michaels, Natraj and Van Reenen (2014); Elsby et al., (2013) and Dao, et 

al. (2017). Focusing on the long differences in this setting has its advantages in that the results 

are very transparent and easy to interpret compared to other methods, but also because it 

ensures that the estimated coefficients are not driven entirely by short term fluctuations. This 

is important not only because we are exclusively interested in the long-term trends, but also 

due to the documented counter-cyclical behavior of the labor share (European Commission, 

2007; and Ríos-Rull and Santaeulàlia-Llopis, 2010). 

 

First, I estimate the correlations between long-run changes in the capital intensity of each 

capital type and the labor share, with country-industries as the sample observations. The 

changes are calculated as 20-year long differences between 1995 and 2015. For this analysis, I 

simply demonstrate the results in the form of scatterplots, equivalent to estimating the 

following OLS specification:  

 

																																																												∆𝑆U,V1 = 𝑎 + 	𝛽∆𝑘U,V,Z + 𝑒U,V,[																															(6) 
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Where ∆𝑆U,V1  is the long difference in labor share in industry i and country j between 1995 – 

2015, where the labor share is defined as total labor compensation over value added. ∆𝑘U,V,Z is 

then the corresponding difference in capital intensity, defined as the capital stock as share of 

value added for capital type n, using the same definition of capital intensities as made by 

O’Mahony, et al. (2019) and Bassanini and Manfredi (2012)4. Following the reasoning of 

Michaels, Natraj and Van Reenen (2014), the labor share and capital stock variables are 

expressed in terms of levels rather than logarithms, as the capital stock of most ICT and 

intangible assets over the past decades have probably experienced large increases in percentage 

terms from relatively low levels in 1995.  

 

I further expand the analysis by investigating the relationship between accumulation of capital 

and the labor share performing a cross-section regression analysis. First, I aggregate the 

different capital types into three broader measures of capital intensities; physical, ICT and 

intangible capital5, to estimate the following regression: 

 

										∆𝑆U,V1 = 𝑎 +	𝛽9∆𝑃ℎ𝑦𝑠𝑖𝑐𝑎𝑙U,V + 𝛽b∆𝐼𝐶𝑇U,V + 𝛽f∆𝐼𝑛𝑡𝑎𝑛𝑔𝑖𝑏𝑙𝑒U,V + 𝛿∆𝑍V + 𝑒U,V,[				(7) 

 

This specification is important as it first of all allows to compare the results with earlier studies 

on the effect of capital accumulation on the labor share, as similar specifications are estimated 

by O’Mahony, et al. (2019) and Bassanini and Manfredi (2012).  

 

Coming to the main specification of the regression analysis, I estimate the following equation: 

 

																	∆𝑆U,V1 = 𝑎 +	𝛽9∆𝑘U,V,Zn9 +⋯+ 𝛽99∆𝑘U,V,Zn99 + 𝛿∆𝑍V + 𝑒U,V,[															(8) 

 

In this specification, all eleven disaggregated capital stock variables as share of value added 

are included such that it controls for eventual cross-correlations between them.  

                                                
4 Ignoring the country subscript, the capital intensity of capital type n in industry i is thus defined as 𝑘U	,Z =

5q,r
stq

 , 
where 𝐾U,Z is the capital stock of capital type n in industry I and 𝑉𝐴U is value added in industry i.  
5 The aggregation of assets follows the outline in Table 2 in section IV. Physical capital consists of Other 
Machinery and Equipment, Transport Equipment and Non-residential Structures & Buildings. ICT capital 
consists of Computing Equipment, Communications Equipment and Computer Software and Databases. 
Intangible capital consists of Research & Development, Other IPP assets, Design and other Product 
Developments, Purchased Organisational Capital and Advertising, Market Research and Branding. 
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By estimating the long differences, fixed effects are eliminated and the model thus control for 

unobserved heterogeneity among country-industry pairs. I further include control variables at 

country level captured by the vector ∆𝑍V. One control variable that I include is trade as share 

of GDP as a proxy for increased trade and economic integration, as offshoring has been shown 

to be positively correlated with increased investments in ICT equipment (Schneider, 2011b) as 

well as possible important determinant of the labor share (Elsby et al., 2013). Another included 

control is changes in unionization rates. This is to control for changes in the bargaining power 

of workers, which is commonly used as a possible explanatory variable estimating driving 

factors of the labor share (see e.g. Dao, et al., 2017; Elsby et al., 2013) and might very well be 

correlated with technological progress as is argued by Acemoglu et al. (2001). In addition, 

expressing the capital variables as shares has an advantage in that it makes it possible to control 

for demand shocks (see e.g. p. 12 in Bonfiglioli et al. (2020)) that could have a positive effect 

on the demand for capital but also cause movements in the labor share due to its documented 

counter-cyclicality. Exogenous demand shocks could thus if not controlled for generate biased 

estimates of the relationship between capital accumulation and the labor share. The theoretical 

point made in Bonfiglioli et al. (2020) that is applicable to this paper is that by expressing the 

capital variables as shares, the only channel that should cause variation in the variables are 

changes in the relative factor prices. Furthermore, it would be valuable to also include a 

variable for educational attainment among employees for each country-industry pair to capture 

the effects of shifts in the composition of workers. As advancements in ICT have been found 

to cause declines in the wage share for lower educated workers (Bassanini and Manfredi, 2012) 

but also to lower the labor demand of middle skilled groups (Michaels, Natraj and Van Reenen, 

2014), it would add to the analysis to also control for eventual compositional effects on the 

labor share. This would make it possible to control changes in the labor share that as an example 

are due to offshoring activities among industries where production processes are moved outside 

the country such that the wage share of higher educated in respective industry might increase. 

To get this type of data for the time period studied I have to merge my dataset with an earlier 

release of EU KLEMS. This would however put heavy restrictions of the number of countries 

included in the analysis, why this type of data is instead included a robustness check of the 

results. 

 

Causal interpretations of the coefficients in equation (7) and (8) must however be done with 

caution, and the results from this analysis should primarily be inferred as conditional 
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correlations. Omitted variable bias serves as an obvious threat to causal inference, as I am for 

example not able to control for increased market concentration at industry-level. Furthermore, 

the calculated long differences might be sensitive to the variables’ volatility across time. This 

is however something I will check for in a sensitivity analysis by running the regressions with 

alternative end years than 2015. Another threat to identification that is also necessary to address 

concerns potential multicollinearity between the capital intensity variables. Multicollinearity 

occurs when there is a linear relationship among two or more explanatory variables in a 

regression equation and may cause decreased precision of the variables’ coefficients and 

negatively affect the reliability of the model predictions (Aylin, 2010). This would thus serve 

as a threat if investments in, or accumulation of, certain types of capital are correlated with one 

another. To transparently address this potential issue, I will simply include a correlations matrix 

of the long-run changes in capital intensity of all of the capital assets to discuss such eventual 

implications.  

 

I do perform further robustness checks of the main specification, consisting of expressing the 

labor share in terms of logarithms rather than levels, controlling for the educational 

composition of workers at country-industry level as well as estimating a time and entity fixed 

effects model to utilize the time variation in the data to pick up aggregate trends. In addition, I 

demonstrate the results distinguishing between manufacturing and non-manufacturing 

industries as Acemoglu and Restrepo (2019) show that manufacturing sectors are relatively 

more subject to automation and new technology substituting labor for capital, with a declining 

labor share as a consequence. 

 

As I define the capital intensities as the capital stock of each asset type as share of value added, 

the estimated effects of increased capital intensity on the labor share will not directly account 

for changes in the composition of capital, or simply the capital “mix”, within each industry. A 

possible alternative to define the capital variables as intensities would thus instead be to define 

them as shares of the total capital stock. As this would instead allow to estimate the effect of 

changes in the within-industry capital mix on the labor share, it would make the estimated 

effect of accumulation of a certain type of capital relative to others independent of movements 

in value added that also drive the changes in the defined intensities apart from increased 

investments. An increase in the capital stock of a certain type of capital as share of the total 

capital stock would thus directly imply that some other type has decreased its share, changing 

the capital mix in the respective industry. This would thus serve as an interesting extension to 
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the primary regression analysis and the regression results of such specification will also 

presented. 

 

Concerning an expected relationship between accumulation of the different types of capital and 

the labor share, the theoretical framework first of all leaves it to be purely an empirical question. 

As the model allows for capital and labor to either complement or substitute each other 

depending on the sign of the elasticity of substitution, it is difficult to back any hypothesis on 

a theoretical foundation. However, given that the accumulation view of a declining labor share 

holds true, we would expect an overall negative effect of capital accumulation on the labor 

share. In particular, we would expect results suggesting a negative association between ICT 

and the labor share in line with previous research. Regarding intangible capital, there is limited 

research on its possible effects on the factor shares, consisting for example of O’Mahony, et al. 

(2019) finding a positive association between investments in Research & Development and the 

labor share. Intangible capital types have however grown in importance at a time when 

increased market concentration have been found to cause declines in labor shares with, with 

Barkai (2020) raising the question of whether intangible capital types that are not normally 

capitalized within the national accounts could be a driving factor of these findings. I therefore 

have the possibility to test these relationships as the data I have access to include such asset 

types.  

 

Coming to the second part of the analysis, I analyze how accumulation of different types of 

capital relates to changes in the task content of production. It is done by first calculating the 

industry-level changes in the task content, following the procedure of Acemoglu and Restrepo 

(2019)6. Relying on assumptions of perfectly competitive factor markets, industry-changes in 

the task content of production is calculated as the residual change in the labor share that is not 

explained by changes in relative effective factor prices (substitution effect), estimated as 

 

∆	𝑇𝑎𝑠𝑘	𝐶𝑜𝑛𝑡𝑒𝑛𝑡U 	= ∆𝑆	U1 −	𝑆𝑢𝑏𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛	𝐸𝑓𝑓𝑒𝑐𝑡U 	 

 

 

 

 

                                                
6 See the online appendix of Acemoglu and Restrepo (2019)  
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And more specifically calculated as  

 

 

					∆	𝑇𝑎𝑠𝑘	𝐶𝑜𝑛𝑡𝑒𝑛𝑡U 	= @𝑙𝑛z𝑆U,{n91 | − 	𝑙𝑛z𝑆U,{n}1 |A		

																																														−	(1 − 𝜎)z1 − 𝑆U,{n}1 | ~𝑙𝑛
𝑤U,{n9
𝑤U,{n}

− 𝑙𝑛
𝑟U,{n9
𝑟U,{n}

− 𝑔U,{n},{n9t �					(9)	 

 

Where the left-hand side is the percentage change in task content in industry i between 1995-

2015, and the second term on the right-hand side captures the substitution effect. 𝑡 = 0 and 

𝑡 = 1 denotes year 1995 and 2015 respectively. To calculate the substitution effect, I need 

industry level data on factor prices (𝑤 and 𝑟) and average productivity growth (𝑔t) to capture 

changes in average effective factor prices. Following Acemoglu and Restrepo (2019), the 

elasticity of substitution (𝜎) is assumed to be 0,8.7 As 𝑔U,{n},{n9t  is defined as the growth rate of  

t��

t��
 between 1995 and 2015, it is assumed to grow at a common rate equal to the average labor 

productivity of each country over the entire time period.8 If the change in the task content is 

positive, it is inferred as the labor share has increased more than one would expect based on 

changes in effective factor prices (the substitution effect), which in turn implies that the growth 

rate of new tasks where labor has a comparative advantage compared to capital has outpaced 

the rate in which automation has taken over tasks previously performed by labor. If the change 

is negative, it is instead inferred as that the automation of tasks has outpaced the rate of which 

new tasks are created. The framework thus allows to estimate the relationship between 

accumulation of different types of capital assets and the changes in the task content of 

production and by extension the labor share. 

 

 

 

 

                                                
7 Acemoglu and Restrepo (2019) set 𝜎 = 0,8 as a benchmark as the elasticity of substitution between labor and 
capital is greater at industry- than firm-level, where the latter is suggested to lie between 0,4 – 0,6 as proposed 
by Chirinko (2008). The authors do however show that their results are very similar for reasonable variations of 
𝜎. 
8 See Acemoglu and Restrepo (2019) p. 14-15 concerning this choice. 
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V. Data 

 

To carry out the analysis, I use cross-country and cross-industry data from the latest EU 

KLEMS release of 2019 (Stehrer, et al., 2019). The EU KLEMS data covers yearly data for 28 

EU countries (including UK) over 40 industries between 1995-2017. It includes data on value 

added, compensation of employees, productivity growth, factor prices and the capital stock, 

where the capital stock variables are disaggregated over 15 different types of capital. All non-

capital stock variables that I use are listed in Table 1. Data on the control the variables in the 

regression analysis, unionization rates and trade as share of GDP, are downloaded from The 

World Bank and OECD. Data on educational attainment among employees across countries 

and industries, which is used in a robustness check, is obtained by merging the 2019th with the 

2007th release of EU KLEMS (Timmer et al., 2007), as the release of 2019 only include such 

data from 2008. 

 

Due to limited or missing disaggregated data on the capital stock for some countries and 

industries, the coverage of the analysis is restricted to 15 countries over 38 industries. The 

reason for not being able to include all 28 countries in the sample is simply because many 

countries lack data on one or more capital assets, either completely or because the data does 

not exist for the whole time period studied. The countries included in the sample are Austria, 

Belgium, Czech Republic, Denmark, Germany, Greece, Finland, France, Italy, Lithuania, 

Luxembourg, Netherlands, Spain, Sweden and the UK. As I investigate long-run differences, I 

chose 2015 to be the last year of the analysis since some countries lack data for 2016 and 2017. 

I further use the 2-digit level of industry disaggregation to include as many observations as 

possible.9 My final sample includes 474 country-industry cells covering 1995 to 2015, which 

is the number of observations in the analysis. For complete country-industry coverage in the 

sample, see Appendix Table A1 and A2.  

 

 

 

 

 

                                                
9 Using the 2-digit level of industry disaggregation for example allows to include up to thirteen different 
manufacturing industries, whereas if I would use the 1-digit level, there would be only one aggregate 
manufacturing industry (see Table A1 in Appendix). 
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The analysis includes 11 different types of capital assets (Table 2). Four types of capital are 

not included in the analysis due to limited data availability to include as many country-industry 

cells as possible. Excluded asset types are Cultivated Assets, Residential Structures, Own 

account Organisational Capital and Vocational Training. As Cultivated Assets is only relevant 

for the agricultural industry only (one out of 38 industries), the analysis does not suffer by 

excluding it. The same holds for Residential structures, which only includes data for the 

industry of Real estate activities. Including Own account Organisational Capital in the analysis 

would drop approximately two thirds of the number of observations, why it also is excluded. 

The analysis does however include Purchased Organisational Capital which thus may serve a 

proxy for all types of organizational capital. Vocational Training is furthermore not included 

as it first of all would drop the number observations by 80, but also as it would exclude several 

industries that do not have data on this specific asset type. 

 

The analysis does, however, include data on three other types of intangible capital assets that 

are not capitalized within the national accounts and also for the first time constructed to be 

included in the EU KLEMS data. It further includes a complete breakdown of ICT capital, 

which is especially important as ICT capital and technological change is considered to be a 

potentially important determinant of movements in factor shares. As technological change also 

has given rise to automation and robotics embodied in physical capital outside ICT, such types 

of capital should reasonably be included in the variable Other Machinery and Equipment. This 

TABLE 1. LIST OF VARIABLES 

Variable Name Variable description 

Value added (VA) Gross value added 

Compensation of employees Compensation of employees 

Hours worked Total hours worked by employees 

Growth rate of value added per person employed Growth rate of value added per person employed 

Labor compensation Total labor services compensation 

Capital price indices Gross fixed capital formation price indices, all assets 

Union Density Share of trade union members of the total number of employees  

Trade as share of GDP Exports and imports as share of GDP 

Share of higher educational attainment Share of employees with an academic degree 

All variables are expressed in nominal national currency units if not anything else is specified. 
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variable could therefore also be of special interest in the analysis as increasing automation is 

also considered an important determinant of downward movements in the labor share.  

 

For each country-industry cell in the data, I construct a set of variables that are necessary to 

conduct the analysis. The outcome variable, the labor share of each country-industry, is defined 

as total labor services compensation10 (income of labor) divided by value added. I further create 

variables for capital intensities defined as the capital stock of each type of capital as share of 

value added. For the calculation of the change in task content in equation (9), average wages 

are calculated as compensation of employees divided by total hours worked by employees for 

each industry, and for the price of capital I utilize within-industry price indices for capital 

formation concerning all capital assets. As a measure of each country’s growth in average labor 

productivity, I calculate the average growth rate of value added per person employed in each 

country between 1995 - 2015. 

 

 

 

 

 

 

 

 

                                                
10 The variable of labor services compensation take compensation of self-employed into account by assuming that self-
employed receive the same hourly wage as employees in each industry and year (Stehrer, et al., 2019, p. 15), implying that 
the variable of the labor share in this analysis always is adjusted for income of self-employed. 

TABLE 2. CAPITAL STOCK VARIABLES 

Non-ICT ICT Intangible Assets 

Transport Equipment Computing Equipment (IT)          Research & Development (R&D) 

Other Machinery and Equipment Communications Equipment (CT) Other IPP assets (OIPP) 

Non-residential structures & Buildings Computer Software and Databases          Design and other product developments* 

Residential Structures**           Advertising, market research and Branding* 

Cultivated Assets**           Purchased organisational capital* 

           Vocational Training** 

           Own account organisational capital** 

     *Intangible assets for the first time included in EU KLEMS data 
     **Excluded capital types due to limited data coverage 
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VI. Descriptive Statistics 

 

Capital stock trends 

In Figure 1, one can observe how the intensity of each capital type have developed over the 

past decades, showing how the assets’ relative importance in the production process have 

developed between 1995-2015. First of all, one can notice that the trends vary significantly 

across the different capital types, both in terms of directions and fluctuations. An interesting 

and potentially expected observation is that all six intangible asset classes except Other 

Intellectual Property Products (OIPP) have increased their share of value added over the past 

decades, indicating an overall increased importance of intangible capital as suggested by Koh, 

Santaeulàlia-Llopis and Zheng (2020). It also highlights the potential importance of including 

intangible capital assets that are not capitalized within the national accounts when analyzing 

the behavior of capital stock movements over time. One type of capital that have experienced 

an especially steady increase over time is Software & Databases, whereas the two other 

components of ICT capital, Communications Equipment (CT) and Computing Equipment (IT), 

have not increased over the twenty years studied. What should be noted about the movement 

of the ICT capital types is that since the time series starts in 1995, it might not fully have 

captured the increased importance of ICT and technological progress that has influenced the 

world over the past decades. Concerning the physical capital assets (excluding CT and IT), the 

patterns are not equally distinct concerning any direction of the development. Non-Residential 

Buildings and Transport Equipment have experienced a slight increase over the time period, 

whereas Machinery & Equipment have remained quite stable around 55 percentage points of 

value added except for a quite volatile period following the financial crisis of 2008.   

 

To address the potential issue of multicollinearity in equation (8), correlations between the long 

differences in capital intensities within country-industry pairs are presented in Appendix Table 

3. Based on the correlations, multicollinearity should not be a problem to inference of the 

coefficients in the regression equations as none of the variable pairs are highly linearly related. 

Investigating the correlations between the ICT capital assets as an example, which are of high 

interest of the study, the long run changes in the intensity of Computer Software & Databases 

is neither correlated with Computing Equipment (0,0267) or Communications equipment (-

0,0236). The three variable pairs that show the highest correlations are Computing Equipment 

and Other Machinery & Equipment (0,3590); Advertising, Market Research & Branding and 

Design & Other Product Developments (0,2909) as well as; Advertising, Market Research & 
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Branding and Purchased Organisational Capital (0,3904). However, 41 out of the 55 variable 

pairs show correlations below 0,1 in absolute values. 

 

FIGURE 1. CAPITAL INTENSITY BY ASSET TYPE, 

AVERAGED ACROSS COUNTRIES AND INDUSTRIES, 1995-2015 

Source: Own calculations based on EU KLEMS data. Capital intensity by asset type is defined as the 

capital stock of each type of capital divided by value added. 

 

Cross-country trends 

In Figure 2, one can observe how the labor share of income has developed across the fifteen 

countries in the sample between 1995 - 2015. Concerning the overall pattern, there seem not to 

be a clear downward trend across countries by simply studying the figures. As some countries 

have experienced a quite large downward movement of the labor share over the time period 

(e.g. Austria, Germany and Spain), others have experienced an increase (e.g. UK, Greece and 

Czech Republic). An interesting observation that holds for most of the countries in the sample 

is that around 2010, the labor share experiences an upward hike, and, for many countries, 

breaking a downward trend (e.g. France, Netherlands, Finland, Germany, Austria and 
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Belgium). This follow previous findings of the development of the labor share in the most 

recent years, and might be due to the counter-cyclical behavior of the labor share (See for 

example ILO and OECD, 2015).  

 

FIGURE 2. LABOR SHARE OF INCOME ACROSS COUNTRIES, 1995-2015 

Source: Own calculations based on EU KLEMS data. The labor share is defined as total labor 

compensation divided by value added, including imputed earnings of self-employed. 

 

Table 3 reports the long-term changes in the labor share, task content of production and capital 

intensities across countries. Over the whole sample, the labor share decreased in the majority 

of the countries at an average decrease of 0,6 percentage points. Furthermore, changes in the 

task content experienced an average decrease of 3,4 percent over the time period, suggesting 

that for most of the countries studied, automation has taken over tasks previously performed 

by labor at a higher pace than new tasks have been created, which – all else equal – should 

have a negative effect on the labor share. This is in line with findings of Graetz (2019), who 

documenting evidence suggesting that declining labor shares in the US and several large EU 

economies have been driven by technological change and automation outpacing the creation of 
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new tasks. Concerning the long differences in capital intensities, they show to be rather 

homogenous across countries with regards to the direction of the changes. Regarding the 

aggregated capital variables, ICT and intangible capital for example both increased as share of 

value added in all but three countries, where intangible capital increased at an average of 

approximately five percentage points. Also, for most of the disaggregated capital variables, the 

long differences went in the same direction for most countries. Research & Development as 

share of value added for example increased across all countries at an average of 3,4 percentage 

points, which was the largest average increase within all types of capital. A similar pattern 

holds for Software & Databases and Purchased Organisational Capital, where all countries but 

one experienced an increase in both asset classes. The capital types that experienced the largest 

average decreases in intensity were Other Machinery and Equipment followed by 

Communications Equipment (IT), where Communications Equipment as share of value added 

decreased in eleven countries at an average of 0,8 percentage points. 

 
Cross-industry trends 

Table 4 further shows the equivalent long-term changes but instead across industries. Studying 

the table, one can observe some interesting patterns. First of all, changes in aggregated 

intangible capital intensity have increased in all but three industries. This suggest that the 

increased importance of intangible capital is not only restricted to certain sectors but rather 

concerns the whole economy. Furthermore, one can note that Computing equipment (IT) has 

decreased in intensity in almost all sectors, whereas Software & Databases instead has 

increased in all sectors. This suggests that Software & Databases is an increasingly more 

important part of ICT capital today that it was a couple of decades ago throughout most sectors 

of the economy. Concerning long-term changes in the task content, one can observe negative 

changes throughout 12 out of the 13 manufacturing industries. This is in line with findings of 

Acemoglu and Restrepo (2019), suggesting that tasks performed in the manufacturing sector 

are relatively more exposed to automation relative to tasks performed in services industries. As 

services industries show more mixed results regarding changes in the task content, it suggests 

further that new tasks are predominantly created within this sector. 
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VII. Results 

 

Long-run correlations 

We begin the empirical analysis by getting an overview of how accumulation of the different 

types of capital is correlated to long-term changes in the labor share across the country-industry 

cells in the sample. In Figure 3a-3j., one can observe how long-term changes in capital intensity 

for each capital type correlates with long term changes in the labor share between 1995 - 2015.  

 

FIGURE 3A-3J. LONG-TERM CORRELATIONS, 1995 – 2015 

Long Differences in Capital Stocks as Share of Value added and the Labor Share  

Source: Own calculations based on EU KLEMS data. The long-term changes are calculated as 

differences between 1995 and 2015.  

 

In light of these first-hand results, it is difficult to say whether certain assets play an especially 

important role in causing labor share movements. Interestingly, long-term changes in capital 
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intensity for most asset types seem to be slightly positively correlated with changes in the labor 

share except for Research & Development and Software & Databases, where Research & 

Development is the only asset type showing something of a tendency of a negative long-term 

correlation with the labor share. These results do thus not lend any convincing support to the 

hypothesis that overall capital accumulation has been a driving force of declining labor shares 

over the past decades. One can further note that for some of the asset types, many country-

industry cells in the sample show zero or close to zero changes in capital intensity. As an 

example, the capital stock of Other Intellectual Property Products (OIPP) is zero for many of 

the observations, restricting the variation of the variable although it includes data for most of 

the industries in the sample. As intellectual property products consist of assets such as 

trademarks, patents and licenses, it might be that large shares of these type of assets are instead 

captured by Software & Databases and Research & Development. 

 

Regression results 

Continuing with the results from the regression analysis, Table 5 reports the main regression 

results on the estimated effects of long-term accumulation of different types of capital on 

changes in the labor share. Column 1-2 follow equation (7) and reflects the results when the 

capital stock changes are first aggregated over physical, ICT and intangible capital with and 

without control variables. The coefficients of all three capital types all show positive signs, 

suggesting that increased capital accumulation is associated with an increase in the labor share, 

where physical capital the only variable with a statistically significant coefficient. Both before 

and after control variables are included, it reports that on average, a one percentage point 

increase in the physical capital stock as share of value added is associated with as increase in 

the labor share of approximately 0,02 percentage points. These first set of results thus 

contradicts the findings of Bassanini and Manfredi (2012), who found a negative relationship 

between capital accumulation in general, and ICT capital accumulation in particular, on 

industry labor shares. The positive and non-significant coefficient of ICT capital intensity is 

neither in line with the findings of O’Mahony, et al. (2019), which document a negative 

association between ICT capital intensity on the labor share using EU KLEMS data between 

1995 and 2007 with a similar set of countries. As the time period of this study stretches until 

2015, it might be that the identified break in downward trends in country labor shares around 

2010 (recall Figure 2) explain these differences. 

 



 
 

 30 

Column 3-4 further reports the estimated effects of capital accumulation on labor shares when 

the changes in capital intensities are disaggregated over the eleven different types of capital, 

where column 4 represents the main specification with included control variables following 

equation (8). First of all, one can observe that none of the coefficients of the three different ICT 

capital types are of statistical significance, just as when they are aggregated together in column 

1-2.  
 

TABLE 5. CHANGES IN THE LABOR SHARE, 1995-2015 
Outcome variable: Long difference in industry labor shares 

 (1) (2) (3) (4) 
 ∆𝑆1 ∆𝑆1 ∆𝑆1 ∆𝑆1 
     
Aggregated ICT Capital 3.97 4.38   
 [9.91] [10.20]   
Communications Equipment   17.28 18.63 
   [11.21] [11.35] 
Computing Equipment   0.06 2.30 
   [19.62] [21.72] 
Computer Software & Databases   -7.72 -7.92 
   [8.87] [9.00] 
Aggregated Physical Capital 1.73*** 1.68***   
 [0.57] [0.58]   
Non-Residential Buildings & Structures   0.92 0.87 
   [0.66] [0.66] 
Other Machinery & Equipment   5.16*** 5.12*** 
   [1.77] [1.80] 
Transport Equipment   0.64 0.28 
   [3.52] [3.38] 
Aggregated Intangible Capital 4.07 4.72*   
 [2.58] [2.69]   
Research & Development   2.37 2.90 
   [2.99] [2.98] 
Other Intellectual Property Products   -3.34 -1.55 
   [7.54] [8.40] 
Advertising, Market Research & Branding   51.66* 51.53* 
   [29.10] [29.89] 
Design & Other Product Developments   -0.64 -1.29 
   [16.05] [16.36] 
Purchased Organisational Capital   56.33 59.35 
   [39.63] [41.15] 
Trade/GDP  0.03  0.04* 
  [0.02]  [0.02] 
Union density  -0.09  -0.09 
  [0.06]  [0.07] 
Constant -0.57   -2.60** 
 [0.67]   [1.12] 
     
Observations 474 474 474 474 
R-squared 0.04 0.05 0.09 0.10 
Note: All explanatory variables are expressed as long-term differences between 1995-2015. All capital variables are defined 

as the capital stock of each asset type as share of value added. Coefficients are estimated by OLS with robust standard errors 

in brackets.*** p<0.01, ** p<0.05, * p<0.1 
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The fact that accumulation of Communications Equipment and Computing Equipment show 

an insignificant but positive correlation with long term changes in the labor share, whereas 

Software & Other Databases show a negative correlation, could however suggest that it is 

increased investments in Software & Other Databases that have caused previous research to 

find a negative association between ICT accumulation and labor shares. Recalling Figure 1 in 

section VII, this paper document that Software & Other Databases is the only component of 

ICT capital that has experienced an on average increase as share of value over the time period 

for the countries studied.  

 

Out of all capital types, it is only the coefficient of Other Machinery & Equipment which is 

significant at a five percent significance level. It suggests that a one percentage point long-term 

increase of Other Machinery & Equipment by as share of value added is associated with an 

increase in the labor share of 0,05 percentage points on average. As mentioned in section VI, 

this is the capital type in the EU KLEMS data that should include automation and robot capital, 

investments in which should always reduce the labor share in the respective industry. These 

results thus suggest that Other Machinery & Equipment might not be a suitable proxy variable 

for automation technology, as we then would expect a negative sign of the coefficient. The 

results further show that accumulation of Other Machinery & Equipment explains the 

significant and positive coefficient of aggregated physical capital in column 1-2.  

 

Shifting our attention to the intangible capital types, Advertising, Market Research & Branding 

is the only asset type showing a somewhat significant association with labor shares, reporting 

a positive coefficient at a ten percent significance level. The results suggest that a long-term 

increase of Advertising, Market Research & Branding as share of value added by one 

percentage point is associated with an increase in the labor share of approximately 0,5 

percentage points on average. This could indicate that in industries where this type of capital 

is of significant importance, it has allowed for new tasks to be created where labor has a 

comparative advantaged over capital, which should always increase the labor share. As this 

relates to changes in the task content of production, it will be investigated further down in this 

section. The results further point towards a positive relationship between increased investments 

in Research & Development on the labor share, however with an insignificant coefficient. The 

positive sign is however in line with the findings of O’Mahony, et al. (2019), who found results 

pointing towards that increased investments in R&D mitigate downward movements in the 

labor share. 
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In Appendix Table 4, I further present the results when defining capital intensity as the capital 

stock as share of the total capital stock instead of value added, which allows to estimate the 

effect of changes in the capital “mix” within industries on the labor share. The results do 

however not change drastically, showing no significant coefficient except for Design & Other 

Product Developments, suggesting that a long-term increase of such assets as share of the total 

capital stock is negatively related to the labor share on average. 

 

Robustness checks 

Table 6 reports the results of a series of robustness checks of the main specification, where 

column (1) equals column (4) in Table 5. Overall, the results are robust to a variety of 

specifications. When using the logarithmic change in the labor share as the dependent variable 

instead of using the changes in levels, the results are very similar both in terms of the 

coefficients’ sign and significance level. Controlling for the within-industry share of higher 

educational attainment among employees as in column 2 do not either alter the results in any 

significant way, except for Non-residential buildings & Structures showing a positive and 

significant association with the labor share. In the last column, I estimate a fixed effects 

regression with entity and time fixed effects utilizing the time variation in the data to pick 

aggregate trends. This specification has its’ drawbacks in the sense that it estimates the effects 

of increased capital intensity on a year-to-year basis and is thus not optimal for estimating long-

run effects as it is subject to a lot of noise. It is however depicting a similar picture as the main 

specification.  

 

Table 7 further reports results when estimating the same specifications as in Table 5 but 

distinguishing between manufacturing and non-manufacturing industries. First of all, one can 

notice that the significant and positive results of aggregated physical capital accumulation in 

general and Other Machinery & Equipment in particular from Table 5 holds for the 

manufacturing industries only. In addition, the coefficient of Computer Software & Databases 

is negative and statistically significant for non-manufacturing industries. This finding further 

supports the idea that it might be investments in such assets that have driven the negative 

relationship between ICT capital accumulation and the labor share in previous research.  
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TABLE 6 – CHANGES IN THE LABOR SHARE, 1995-2015 

Robustness Check – Alternative Model Specifications 
Outcome variable: Industry labor shares, long differences in column (1) – (3)  

 (1) (2) (3) (4) 
 OLS OLS OLS FE 
 ∆𝑆1 ∆𝑆1 ∆ln	(𝑆1) 𝑆1 
     
Communications Equipment 18.63 8.16 35.93 19.38*** 
 [11.35] [5.05] [23.50] [5.38] 

Computing Equipment 2.30 -23.94 53.69 19.14 
 [21.72] [18.81] [56.46] [13.89] 

Computer Software & Databases -7.92 -7.48 -25.79* 0.51 
 [9.00] [11.17] [14.99] [7.24] 

Non-Residential Buildings & Structures 0.87 1.73** 1.56 1.08 
 [0.66] [0.73] [1.49] [0.68] 

Other Machinery & Equipment 5.12*** 3.77** 11.30*** 5.43*** 
 [1.80] [1.80] [3.79] [0.83] 

Transport Equipment 0.28 4.45* -1.32 1.48 
 [3.38] [2.67] [8.85] [1.49] 

Research & Development 2.90 3.28 6.11 8.39*** 
 [2.98] [2.94] [6.01] [3.22] 

Other Intellectual Property Products -1.55 -6.91 1.56 -4.05 
 [8.40] [6.90] [16.77] [5.73] 

Advertising, Market Research & Branding 51.53* 65.96 128.27* 52.04* 
 [29.89] [44.10] [72.01] [29.24] 

Design & Other Product Developments -1.29 -2.73 -14.45 10.56 
 [16.36] [15.87] [30.55] [14.02] 

Purchased Organisational Capital 59.35 34.87 77.64 84.52*** 
 [41.15] [28.64] [69.76] [31.29] 

Trade/GDP 0.04* -0.07 0.13*  
 [0.02] [0.06] [0.07]  

Union density -0.09 -0.14** -0.24*  
 [0.07] [0.06] [0.14]  

Share of employees with an academic degree  -0.69   
  [3.15]   

Constant -2.60** -2.58** -4.45** 50.49*** 
 [1.12] [1.20] [2.07] [1.19] 
     
Observations 474 366 474 9,954 
R-squared 0.10 0.14 0.13 0.37 

Time fixed effects - - - Yes 
Entity fixed effects - - - Yes 
Number of panel_id - - - 474 

All capital variables are defined as the capital stock of each asset type as share of value added. All explanatory variables in 
column 1-3 are expressed as long-term differences between 1995 - 2015. Coefficients in column 1-3 are estimated by OLS 
with robust standard errors in brackets. The fixed effects model in column 4 is estimated with clustered standard errors at 

country-industry level in brackets. *** p<0.01, ** p<0.05, * p<0.1 
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Note: All explanatory variables are expressed as long-term differences between 1995 - 2015. All capital variables are defined 

as the capital stock of each asset type as share of value added. Coefficients are estimated by OLS with robust standard errors 

in brackets. *** p<0.01, ** p<0.05, * p<0.1 

 

 

TABLE 7 – CHANGES IN THE LABOR SHARE, 1995-2015 
Robustness Check – Industry Disaggregation 

Outcome variable: Long differences in industry labor shares 
 Manufacturing  Non-manufacturing 

 (1) (2)  (3) (4) 
 ∆𝑆1 ∆𝑆1 			∆𝑆1 ∆𝑆1 
     
Aggregated ICT Capital 4.70  -0.16  
 [14.28]  [10.92]  
Communications Equipment  -13.21  22.74* 
  [51.53]  [12.34] 

Computing Equipment  -48.06*  37.76* 
  [28.88]  [20.51] 

Computer Software & Databases  13.40  -18.46*** 
  [13.45]  [5.04] 

Aggregated Physical Capital 3.67***  1.00*  
 [1.06]  [0.60]  

Non-Residential Buildings & Structures  2.73  0.67 
  [1.81]  [0.67] 

Other Machinery & Equipment  5.82**  2.75 
  [2.23]  [2.99] 

Transport Equipment  33.28  0.01 
  [22.95]  [3.53] 

Aggregated Intangible Capital 7.43**  2.77  
 [3.12]  [5.42]  

Research & Development  2.87  3.32 
  [3.27]  [7.27] 

Other Intellectual Property Products  209.78  1.01 
  [191.49]  [8.62] 

Advertising, Market Research & Branding  29.10  36.33 
  [48.28]  [44.46] 

Design & Other Product Developments  -14.31  0.01 
  [36.47]  [20.71] 

Purchased Organisational Capital  79.72  64.77 
  [68.52]  [47.56] 

Trade/GDP 0.06 0.09 0.02 0.04* 
 [0.04] [0.05] [0.02] [0.03] 

Union density 0.01 -0.01 -0.12 -0.12 
 [0.08] [0.10] [0.09] [0.09] 
     
Observations 167 167 307 307 
R-squared 0.17 0.24 0.02 0.08 
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In order to check the sensitivity of the results depending on what end-year is used when 

calculating the long-term differences, Table 8 reports the results when limiting the time span 

of the analysis to four alternative end-years; 2007, 2009, 2011 and 2013, in addition to 2015 as 

is used in the main analysis, where column (5) constitutes the main specification in Table 5. 

 

  

TABLE 8 – CHANGES IN THE LABOR SHARE 
Robustness Check – Alternative End-Years 

Outcome variable: Long differences in industry labor shares 
 (1) (2) (3) (4) (5) 
 ∆𝑆1 ∆𝑆1 			∆𝑆1 ∆𝑆1 ∆𝑆1 
 (95-07) (95-09) (95-11) (95-13) (95-15) 
      
Communications Equipment 16.61*** 18.34** 23.46** 20.27* 18.73 
 [6.12] [8.93] [11.72] [10.81] [11.82] 

Computing Equipment -7.54 36.10 14.73 28.61 2.96 
 [21.44] [29.57] [25.75] [29.03] [21.87] 

Computer Software & Databases -4.03 -5.64 6.50 -13.56 -8.02 
 [12.14] [11.34] [14.05] [9.68] [8.86] 

Other Machinery & Equipment 6.60*** 3.63 5.52*** 7.42*** 5.53*** 
 [1.71] [2.32] [1.03] [1.04] [1.78] 

Transport Equipment 7.43*** -0.66 4.46 3.41 0.49 
 [2.32] [2.00] [3.50] [3.40] [3.47] 

Research & Development 16.55** 5.67* 1.78 2.39 2.66 
 [6.44] [3.34] [2.74] [2.33] [3.02] 

Other Intellectual Property Products -9.76* -15.01* -8.49 2.88 -1.58 
 [5.60] [8.96] [7.25] [10.35] [8.42] 

Advertising, Market Research & Branding 90.28 86.38 109.40** 96.34** 54.76* 
 [58.38] [60.43] [43.20] [39.28] [30.00] 

Design & Other Product Developments 20.25 42.52** 6.84 -67.53* -0.57 
 [26.33] [21.56] [18.53] [40.63] [16.53] 

Purchased Organisational Capital 160.34* 33.94 49.71 97.31** 57.76 
 [96.00] [28.22] [36.78] [42.89] [41.26] 

Trade/GDP 0.00 0.10** 0.04 0.07* 0.05* 
 [0.03] [0.04] [0.04] [0.04] [0.02] 

Union density -0.19*** -0.18** -0.11* -0.11* -0.08 
 [0.07] [0.08] [0.06] [0.07] [0.07] 

Constant -3.13*** -0.92 -1.65 -1.57 -2.47** 
 [0.92] [0.92] [1.13] [1.19] [1.12] 
      
Observations 474 474 474 474 474 
R-squared 0.18 0.19 0.20 0.46 0.09 
Note: All explanatory variables are expressed as long-term differences between 1995 and the end-year shown depending on 

column. All capital variables are defined as the capital stock of each asset type as share of value added. Coefficients are 

estimated by OLS with robust standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1 
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Comparing the result from the main specification with column (1) – (4), they show to be rather 

robust to changing the end-year of the analysis. There are no drastic overall changes in neither 

the coefficients’ sign, size or significance level. The only coefficient which level of 

significance is different for all the alternative specifications compared to the main specification 

concerns Communications Equipment, which show a positive and significant association with 

the labor share at a five percentage point level in column (1) – (3) and at a ten percentage point 

level in column (4). Furthermore, as column (1) estimates the model between 1995-2007, the 

results concern the same time period as in some of the specifications estimated by O’Mahony, 

et al. (2019). The results do however still not show a significant negative association between 

ICT capital intensity and industry labor shares. Table 5 in Appendix further report the 

equivalent results estimating equation (7), where the capital types are aggregated over physical, 

ICT and Intangible capital types,  

 

Changes in the task content of production 

In figure 4a-4j., one can observe the long-term correlations between changes in the capital 

intensity and changes in the task content of production for each capital type. A positive change 

in the task content of production referred to as a reinstatement effect and implies that as 

mentioned in section V, the creation of new tasks where labor has a comparative advantage 

compared to capital has outpaced the rate in which automation has taken over tasks previously 

performed by labor. The overall pattern is very similar to the correlations between the changes 

in the different capital stock variables and the labor share of income in figure 3a-3j., and shows 

a slightly positive relationship between changes in the task content and almost all capital stock 

variables except Software & Databases, R&D and OIPP. The correlations therefore suggest 

that investments in most types of capital have rather reinstated than displaced labor.  

Comparing the results with figure 3.a-3j., they are supported by theory as an increase in the 

task content, all else equal, implies an increase in the labor share of income. It is therefore not 

surprising that if we observe a positive relationship between capital accumulation and changes 

in the task content, we also observe a positive relationship between capital accumulation and 

changes in the labor share. That Advertising, Market Research & Branding shows a positive 

correlation with task content changes is furthermore in line with the regression results in Table 

5., suggesting that industries with high investments in such capital have also been subject to 

the creation of new tasks in the production process where labor has a comparative advantage. 

These results do however not offer any explanation to the one average negative change in the 

task content across countries that is documented in Table 3.  
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FIGURE 4A-4J. LONG-TERM CORRELATION, 1995 – 2015 

Long Differences in Capital Stocks as Share of Value Added and the Task Content  

Source: Own calculations based on EU KLEMS data. The long-term changes are calculated as 

differences between 1995 and 2015.  
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VIII. Discussion 

 

The results of the regression analysis should, as mentioned in section III, mainly be inferred as 

conditional correlations. As I have no convincing natural experiment or instrument to isolate 

exogenous variation in capital accumulation, there are considerable possibilities that the 

estimated effects are biased. The overall results do however not support the hypothesis that 

capital accumulation has been an important explanatory factor of downward movements in 

labor shares, if anything the opposite. At least, the results suggest that capital accumulation 

have not been a driving factor of downward movements in the labor share since the end of the 

20th century an onwards, which is also supported by the robustness of the results.  

 

In contrast to previous research, I do not document a negative relationship between general 

ICT capital accumulation and the labor share. Why the results differ compared to earlier papers 

could potentially be explained by the different time periods studied, as this is the first paper to 

investigate these relationships in a time period stretching past 2007. As shown in Section VII, 

the labor share has only decreased with merely half a percentage point at a country average 

between 1995 – 2015, with considerable variation across countries, which might be the reason 

for why I am not able to document such negative relationship. The results of the robustness 

check in column (1) in Table 7, do however show no significant negative relationship between 

accumulation of ICT capital types and the labor share even when restricting the end-year of the 

analysis to 2007. It might be, however, that the starting year of 1995 have not allowed to fully 

capture the increased importance of ICT capital that has emerged since the second half of the 

20th century, as ICT capital intensity has only increased by approximately one percentage point 

on average across the countries for the sample period. Another explanation of why the results 

differ compared to earlier papers could on the other hand be explained by the fact that Bassanini 

and Manfredi (2012) and O’Mahony, et al. (2019) do not estimate their regression equations 

using long differences, but rather exploit year-to-year variation in the variables. If there is a 

stronger negative short-term relationship between capital accumulation in general - and ICT 

capital accumulation in particular - and the labor share, rather than in the long-term, that could 

explain the discrepancy between the findings of this paper compared to the earlier papers. 

 

As I document in section VI that intangible capital (excluding Software and Databases) has 

experienced an on average increase in intensity in 35 out of the 38 industries, this development 

seems not to have had any clear effects on the development on labor shares, at least not on the 
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negative side. An interesting finding is however that increased investments in Software & 

Databases might explain earlier papers’ findings of a negative relationship between ICT capital 

accumulation and the labor share, a result which is especially established for non-

manufacturing industries. Why this variable is negatively correlated with changes in the labor 

share within non-manufacturing industries can be explained by findings of Michaels, Natraj 

and Van Reenen (2014), who document that ICT capital have reduced the demand for middle-

skilled labor. As investments in software systems are especially directed towards making the 

performance of non-cognitive routine tasks more effective, such technology might allow for 

fewer workers today to be equally productive as a large number of workers were decades ago. 

 

Concerning the relationship between capital accumulation and changes in the task content, the 

results suggest that capital accumulation to the extent it is investigated in this thesis, does not 

seem to be responsible for the documented on average negative change in task content among 

the countries studied. This suggests that the asset types that are included in the analysis are not 

able to fully capture the source of the negative changes in the task content that are supposed to 

be driven by technological change and automation. The results do rather suggest that 

technological advancements incorporated in these capital types have rather reinstated than 

displaced labor by the creation of new tasks, having a positive impact on the labor share on 

average. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

 40 

IX. Conclusion 

 

This thesis provides a novel contribution to the literature on the determinants of the labor share 

of income by estimating the long-term effects of accumulation of different types of capital on 

the labor industry labor share. Utilizing a detailed breakdown of the capital stock in a cross-

country, cross-industry dataset from EU KLEMS, I am able to take capital heterogeneity into 

account to an extent which has never been done before in this setting. With disaggregated data 

on various physical, ICT and intangible capital types I contribute specifically to the literature 

investigating role of capital accumulation as a driving force of declining labors shares by 

allowing for each asset type to either complement or substitute labor. 

 

Analyzing fifteen EU countries for the time period between 1995-2015, I document that the 

labor share has decreased in the majority of the countries, however not showing any tendency 

of an overall decline across the whole sample. I further document that the trend of the capital 

stock as share of value added vary significantly both across time and types of capital, showing 

that intangible capital types have increased in intensity in almost all sectors of the economy 

over the past decades. Concerning ICT capital, I show that the capital stock of Software and 

Databases have experienced a steady on average increase as share of value added over time, in 

contrast to Computing and Communications Equipment which instead have decreased.  

 

The empirical results suggest that capital accumulation has not been a driving force of declining 

labor shares for the time period studied, if anything the opposite. The only type of capital that 

is significantly correlated with the labor share in the main regression results is aggregated 

physical capital in general and Other Machinery and Equipment in particular, suggesting a 

complementary relationship between labor and the asset types. As previous studies have found 

a negative association between ICT capital on and industry labor shares, this paper does not 

document such relationship. It does, however, show that Software and Databases is the only 

component of ICT capital that is negatively correlated with the labor share, indicating that it 

might be investments in Software and Databases that have driven the negative relationship 

between ICT capital and the labor share in earlier papers.  

 

Lastly, this paper is the first to investigate the long-term relationship between accumulation of 

different types of capital and changes in the task content of production. In line with previous 
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research, I document an on average negative change in the task content over the past decades 

among the countries studied. The results do however suggest that within-industry accumulation 

of capital for all types of assets studied is either positively correlated with changes in the task 

content or close to zero, suggesting that technological development incorporated in most of the 

asset types have rather reinstated than displaced labor, having a positive impact on the labor 

share on average. 
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XI. Appendix 
 

 
 
 
 
 
 
 
 
 

TABLE A1. INCLUDED INDUSTRIES & NACE CLASSIFICATION 
NACE code Industry Name 

1. A Agriculture, forestry and fishing 
2. B Mining and quarrying 
C Total Manufacturing 
3. C10-C12  …Food products, beverages and tobacco 
4. C13-C15 …Textiles, wearing apparel, leather and related products 
5. C16-C18 …Wood and paper products 
6. C19 ...Coke and refined petroleum products 
7. C20 …Chemicals and chemical products 
8. C21 …Basic pharmaceutical products and pharmaceutical preparations 
9. C22_C23 …Rubber and plastics products, and other non-metallic mineral products 
10. C24_C25 …Basic metals and fabricated metal products 
11. C26 …Computer, electronic and optical products 
12. C27 …Electrical equipment 
13. C28 …Machinery and equipment 
14. C29_C30 …Transport equipment 
15. C31-C33 …Other manufacturing 
16. D Electricity, gas, steam and air conditioning supply 
17. E Water supply; sewerage; waste management and remediation activities 
18. F Construction 
G Wholesale and retail trade; repair of motor vehicles and motorcycles 
19. G45 …Wholesale and retail trade and repair of motor vehicles and motorcycles 
20. G46 - …Wholesale trade, except of motor vehicles and motorcycles 
21. G47 …Retail trade, except of motor vehicles and motorcycles 
H Transportation and storage 
22. H49 …Land transport and transport via pipelines 
23. H50 …Water transport 
24. H51 …Air transport 
25. H52 …Warehousing and support activities for transportation 
26. H53 …Postal and courier activities  
27. I Accommodation and food service activities 
J Information and Communication 
28. J58-J60  - …Publishing, audio-visual and broadcasting activities 
29. J61 …Telecommunications 
30. J62_J63 …IT and other information activities 
31. K Financial and insurance activities 
32. L  Real estate activities 
33. M - N - Professional, scientific, technical, administrative and support service activities 
34. O Public administration and defence; compulsory and social security 
35. P Education 
36. Q Health and social work 
37. R Arts, entertainment and recreation 
38. S Other service activities 
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TABLE A2. COUNTRY-INDUSTRY DATA COVERAGE 
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Derivation of equation (5) in section IV: 
 

(1)																					𝑌 = 7(1 − 𝛼)
9
:(𝐴5𝐾)

:<9
: + 𝛼

9
:(𝐴1𝐿)

:<9
: =

:
:<9

 

(2)																					𝐶 = 𝑤𝐿 + 𝑟𝐾 

min1,5 ℒ = 	𝑤𝐿 + 𝑟𝐾 + 	𝜆 �𝑌 − 7(1 − 𝛼)
9
:(𝐴5𝐾)

:<9
: + 𝛼

9
:(𝐴1𝐿)

:<9
: =

:
:<9

� 

Yields the following FOC’s: 

(3)		𝐾:			𝑟 = 	𝜆
𝜎

𝜎 − 1
7(1 − 𝛼)

9
:(𝐴5𝐾)

:<9
: + 𝛼

9
:(𝐴1𝐿)

:<9
: =

:
:<9<9

∗
𝜎

𝜎 − 1
(1 − 𝛼)

9
:𝐴5

:<9
: 𝐾

:<9
: <9 

 

(4)			𝐿:			𝑤 = 𝜆
𝜎

𝜎 − 1
7(1 − 𝛼)

9
:(𝐴5𝐾)

:<9
: + 𝛼

9
:(𝐴1𝐿)

:<9
: =

:
:<9<9

∗
𝜎

𝜎 − 1
(𝛼)

9
:𝐴1

:<9
: 𝐿

:<9
: <9 

 
(3)/(4) yields:  
 

(5)	
𝑟
𝑤 = 	

(1 − 𝛼)
1
𝜎𝐴𝐾

𝜎−1
𝜎 𝐾

𝜎−1−𝜎
𝜎

(𝛼)
1
𝜎𝐴𝐿

𝜎−1
𝜎 𝐿

𝜎−1−𝜎
𝜎

= ~
(1 − 𝛼)

𝛼
�

1
𝜎
C
𝐴𝐾
𝐴𝐿
D
𝜎−1
𝜎
C
𝐿
𝐾
D
1
𝜎
 

 
 
Substituting (5) into equation (4) in section IV yields:  
 

(8)	𝑆1 =
1

1 + @𝑟𝐾𝑤𝐿A
		= 			

1

1 + �C(1− 𝛼)𝛼 D
1
𝜎
C𝐴𝐾𝐴𝐿

D
𝜎−1
𝜎
C𝐿𝐾D

1
𝜎
C𝐾𝐿D�

			= 			
1

1 + C(1 − 𝛼)𝛼 D
1
𝜎
C𝐴𝐾𝐴𝐿

D
𝜎−1
𝜎
C𝐾𝐿D

−1𝜎+
𝜎
𝜎
		

													= 			
1

1 + C(1 − 𝛼)𝛼 D
1
𝜎
C𝐴𝐾𝐴𝐿

D
𝜎−1
𝜎
C𝐾𝐿D

𝜎−1
𝜎
				= 				

1

1 + C(1− 𝛼)𝛼 D
1
𝜎
C𝐴𝐾𝐾𝐴𝐿𝐿

D
𝜎−1
𝜎
			 

 
 
Which is equal to the expression of the labor share in equation (5) in section IV.  
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TABLE A4. THE CAPITAL MIX AND THE LABOR SHARE, 1995-2015 
Outcome variable: Long-term changes in in industry labor shares 

 (1) (2) 
 ∆𝑆1 ∆𝑆1 
   
All Capital/VA 1.16** 1.15** 
 [0.45] [0.45] 
Aggregated ICT Capital -23.62  
 [14.94]  
Communications Equipment  33.47 
  [33.35] 
Computing Equipment  -38.35 
  [36.58] 
Computer Software & Databases  -0.33 
  [27.06] 
Aggregated Physical Capital 6.05  
 [10.52]  
Non-residential buildings & Structures  30.33 
  [26.73] 
Other Machinery & Equipment  29.93 
  [26.48] 
Transport Equipment  40.51 
  [28.48] 
Aggregated Intangible Capital -11.14  
 [7.86]  
Research & Development  12.39 
  [26.16] 
Other Intellectual Property Products  19.79 
  [28.13] 
Advertising, Market Research & Branding  22.12 
  [48.07] 
Design & Other Product Developments  -43.51** 
  [19.65] 
Purchased Organisational Capital  -6.38 
  [39.11] 
Trade/GDP 0.02 0.02 
 [0.02] [0.03] 
Union density -0.07 -0.06 
 [0.06] [0.06] 
Constant -1.04 -1.06 
 [1.08] [1.08] 
   
Observations 474 474 
R-squared 0.06 0.07 

Note: All explanatory variables are expressed as long differences between 1995 to 2015. 

All capital variables are defined as the capital stock of each asset type as share of the total 

capital stock if nothing else is specified. Coefficients are estimated by OLS with robust 

standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1 
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TABLE A5 – CHANGES IN THE LABOR SHARE, 1995-2015 
ROBUSTNESS CHECK – ALTERNATIVE END-YEARS 

Outcome variable: Long-term differences in industry labor shares 

 (1) (2) (3) (4) (5) 
 ∆𝑆1 ∆𝑆1 ∆𝑆1 ∆𝑆1 ∆𝑆1 
 95-07 95-09 95-11 09-13 95-15 
      
Aggregated Physical 6.68*** 1.78 6.09*** 8.03*** 4.11** 
 [1.21] [1.80] [0.99] [1.54] [1.69] 

Aggregated ICT 8.37 17.46** 16.62 16.51** 2.24 
 [6.41] [7.88] [10.16] [7.84] [9.90] 

Aggregated Intangible 10.35** 11.50** 4.33 -0.19 3.98 
 [4.57] [5.07] [2.77] [5.14] [2.54] 

Trade/GDP 0.02 0.12** 0.05 0.04 0.04* 
 [0.03] [0.04] [0.04] [0.03] [0.02] 

Union Density -0.13** -0.11 -0.08 -0.14** -0.07 
 [0.07] [0.08] [0.06] [0.06] [0.06] 
      
Observations 474 474 474 474 474 
R-Squared 0.13 0.10 0.17 0.40 0.05 

Note: All explanatory variables are expressed as long-term differences between 1995 and the end-year 
shown depending on column. All capital variables are defined as the capital stock of each asset type as 

share of value added. Coefficients are estimated by OLS with robust standard errors in brackets.  
*** p<0.01, ** p<0.05, * p<0.1 

 


