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Abstract 

Winner Takes Most: Assessing the Impact of the Digital Age on 

Firm Size, Market Power and Competition 

Michael Anthony McMahon 

Rising concentration and markups across multiple developed economies has brought issues of 

competition and market power to the fore. This thesis contributes to that debate by examining 

if changing production dynamics brought about by the development of digital technologies are 

having heterogeneous impacts on firms of different sizes, thereby changing the balance of 

competition between larger and smaller firms.  

The thesis assesses changing competitive dynamics by examining the evolution of markups 

and multifactor productivity (MFP) across firms of different sizes. It finds that size is positively 

related to markups, and that this relationship has strengthened over time. It also identifies an 

increase in the relative productivity advantage of larger firms. Both changes are more 

pronounced in digital intensive industries, suggesting that digitalisation may be a driver.  

It then examines the means by which digitalisation may be impacting competition by assessing 

changing production dynamics and their impact on the benefits of scale. Specifically, it 

examines the links between digitalisation and the growth of intangible investment more 

broadly, and how this is related to changing production dynamics.  

The thesis finds that firm-level intangible investments have grown significantly, and have 

become a larger element of production functions (especially in digital intensive industries). The 

marginal impact of intangible assets on profitability is significantly greater for the leading firms 

in an industry, consistent with greater scalability of intangible assets. More granular firm-level 

analysis across five different size groups indicates that the marginal impact of intangibles on 

profitability increases systematically with size, with the impact more pronounced in digital 

intensive industries. In addition, industry level analysis shows that intangible intensity is a 

significant factor in determining profitability gaps between industry leaders and laggards.  

In addition, the thesis examines if digitalisation and intangible assets more broadly are 

impacting corporate tax revenues. It finds that firms in digital intensive industries have slightly 

lower cash effective tax rates, though the impact is relatively modest.   

Finally, the thesis examines potential policy recommendations. A key finding is that there are 

no ‘one size fits all’ policy measures when it comes to promoting digitalisation. Policymakers 

must recognise the heterogeneous impacts of technological investments on firms of different 

sizes by adopting more tailored policy measures. For example, governments can assist smaller 

firms through measures such as encouraging SME training and upskilling, promoting 

alternative sources of finance, assisting with digital security issues, and encouraging cloud-

based solutions.   
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Chapter 1 Introduction 

1.1 Context 

Increasing market concentration has become a feature of many developed economies, giving 

rise to considerable debate about the evolution of market power and the health of competition 

in the modern economy. Section 2.2.1 sets out a range of studies that show how market 

concentration has risen over time across a large number of countries, regardless of the level of 

industry granularity used to measure concentration.  

The consequences of this increased market concentration and apparent decline in competition 

are stark. As De Loecker et al. (2020, p.562) note, "thriving competition between firms is a 

central tenet of a well-functioning economy”. Healthy competition will lead firms to set prices 

that reflect their costs, keeping prices as low as possible, increasing consumer welfare and 

ensuring efficient resource allocation. Conversely, high levels of market power are not only 

associated with higher prices, but lower investment and demand for labour, as well as declining 

business dynamism.  

The effects of increased market power go well beyond inequality amongst individual firms. As 

Chapter 8 will show, it also has implications for income inequality, as well as inequality at the 

level of cities and nation states. The political and public policy implications are therefore 

profound.  

Given the importance of healthy competition, it is perhaps no surprise that a vigorous debate 

has emerged regarding its evolution. As outlined in Section 2.3, a number of researchers argue 

the answer to greater market concentration lies in an increase in ‘pure market power’, stemming 

from poor competition policy and declining anti-trust enforcement. Others argue that more 

fundamental forces are at work, such as increasing ‘superstar’ dynamics driven by 

technological change. It is vitally important that this question is answered correctly, as the 

policy prescriptions are very different. If it really is an increase in ‘pure market power’, then 

the way forward seems clear. If more structural forces are at work, then addressing these issues 

through public policy is more complex and difficult.      

1.1.1 The potential role of digital technologies in determining market power  

Investment in digital technologies has increased substantially over the past 50 years, in 

common with a number of other intangible capital categories such as research and development 

(R&D) and expenditure on employee training. While accounting conventions dictate that the 

values of most intangible assets do not appear on company balance sheets, they have been 
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estimated by economists in recent years. The graph below is taken from Corrado and Hulten 

(2010), who generated estimates for investment in intangible capital in the United States from 

the late 1940s. We can see that investment in intangible capital in the United States rose 

considerably relative to tangible (physical) capital from the 1970s, and has exceeded it since 

the mid-1990s. Further estimates from Corrado et al. (2016) show that growth in investment 

digital technologies has outpaced the broader category of intangible assets in the United States, 

with these investments making up 6% of total intangible investments in 1995, and 20% in 

20161.    

Figure 1-1 - Gross business fixed investment in the United States 

  

Source: Corrado and Hulten (2010) Online Appendix - https://assets.aeaweb.org/asset-server/articles-

attachments/aer/data/may2010/aer_100_2_99_app.pdf   

Investments in digital and other intangible assets therefore constitute a substantial, and 

increasing, share of investment. The question then turns to the economic impact of this shift in 

investment patterns. The thesis will build on the contributions of a number of authors who 

show that the economic characteristics of intangible capital differ from that of physical capital 

in ways that have important economic consequences. It will use these insights to add to the 

literature on market power by looking at digital technologies as a potential driver through their 

impact on the relative advantages and disadvantages of scale.  

Digital technologies fundamentally change how products and services are produced and 

consumed. They may also alter competitive dynamics between firms of different sizes, though 

 
1 Data available at www.intan-invest.net.   

https://assets.aeaweb.org/asset-server/articles-attachments/aer/data/may2010/aer_100_2_99_app.pdf
https://assets.aeaweb.org/asset-server/articles-attachments/aer/data/may2010/aer_100_2_99_app.pdf
http://www.intan-invest.net/
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the direction of impact is uncertain. Some characteristics of digital technologies may be more 

beneficial to smaller firms, such as reduced search costs and access to a wider range of 

customers and suppliers. Others, such as their inherent scalability and the high fixed cost and 

low marginal cost nature of many digital technologies, may favour larger firms. What is clear 

is that investigating changes in competition and market power requires an analysis of the role 

and impact of digital technologies.  

1.1.1.1 A note on digital assets and the broader class of intangible assets 

The thesis makes a number of references to ‘digital assets and intangible assets more broadly’. 

Digital assets are of course one category of intangible assets. In the framework first set out by 

Corrado et al. (2005), digital assets come under the category of ‘computerized information’, 

one of three broad categories of intangible assets. The second is ‘innovative property’, such as 

patents and designs, and the third is ‘economic competencies’ such as organisational processes.  

Figure 1-2 – Categories of intangible investment 

 
Source: Haskel & Westlake (2018, p.44)  
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It is very difficult, if not impossible, to conduct a thorough analysis of the impact of digital 

assets without reference to the broader category of intangible assets. Digital assets share a 

number of core economic properties with other intangible assets, as discussed in Chapter 2 and 

Chapter 3. Secondly, and perhaps more importantly, digital assets are highly complementary 

with other intangible assets, most notably human capital. An extensive literature, outlined in 

section 2.4.2, makes this clear.  

Firms do not invest in digital assets alone, and investment in skills and other ‘economic 

competencies’ go hand-in-hand. It is therefore vital to discuss the role of intangible assets as a 

whole, while noting some of the distinctive aspects of digital assets specifically. The 

methodology section in Chapter 3 discusses some of these distinctive features and outlines 

some implications for the empirical approach in subsequent chapters.      

1.2 Primary research questions 

The core research question at the heart of the thesis is as follows: 

“Are changing production dynamics brought about by the development of digital technologies 

having heterogeneous impacts on firms of different sizes, thereby changing the balance of 

competition between larger and smaller firms?”   

There are a number of issues that must be addressed in order to answer this question. Dealing 

with the competition aspect first, the thesis will look for evidence of shifting competition 

dynamics between firms of different sizes. Specifically, it will assess if larger firms are gaining 

greater levels of market power by analysing changes in their profitability, markups and 

productivity relative to smaller firms. It will also ask if technological change is a factor in these 

changes.  

The thesis will then turn to the dynamics underlying these changes by looking at the question 

of changing production dynamics, and how these relate to competition between firms of 

different sizes. It will assess the importance of the growth of digital and other intangible assets, 

and whether this has led to changing production dynamics (as indicated by production function 

estimates). It will then look at the impact of these intangible assets on profitability, and how 

this impact varies with firm size. 

Lastly, the thesis will address a policy issue related to the growth of digital assets that has 

attracted considerable controversy in recent times. Low effective corporate tax rates at a 

number of large and technology intensive firms have brought a focus on how these firms may 

be using intangible assets to pay less tax. This has resulted in multilateral efforts to reform 
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corporate tax codes, spearheaded by the OECD. The thesis will examine if firms in digital 

intensive industries do indeed pay less tax, and if intangible assets are linked to lower effective 

corporate tax rates. 

These primary research questions are summarised below, with the relevant chapter numbers on 

the left. These research questions, and their relationship to the literature, are addressed in 

greater detail in the Literature Review chapter.  

Figure 1-3 Primary research questions 

  

1.3 Summary and contributions to the literature 

1.3.1 Are large firms gaining in market power, and is digitalisation a factor?  

While a number of studies have addressed the topic of market power (as discussed in Section 

2.2.5), the specific question of how firm size impacts market power, and how this has changed 

over time, has not been addressed systematically. If large firms are gaining in market power 

relative to smaller firms, then we would expect to see evidence of this in changing patterns of 

profitability and markups across firms of different sizes.  

Chapter 5 addresses the role of digitalisation in these dynamics in two ways. Firstly, it examines 

if the changing profit and markup trends are mirrored by increasing productivity divergence 

between larger and smaller firms. If this is the case, then technology is more likely to be a 

factor in driving any changes. Secondly, it makes use of a taxonomy developed by the OECD 

(Calvino et al. 2018) that classifies industries as being ‘digital intensive’ and ‘less digital 

intensive’. This allows changing markup and productivity trends to be compared and contrasted 

across industries with different levels of digital intensity, providing additional insights.   

The thesis analyses sales growth, profitability, markups and multifactor productivity (MFP) for 

a large sample of firms sourced from the Orbis® database. The final sample contains almost 

2.3 million observations across 26 countries from 1999 – 2014 (comprising two economic 
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cycles – see Section 4.4), and the composition and breadth of the data set makes it suitable for 

addressing issues of scale. A two-stage process was used to account for endogeneity in the 

estimation of industry production functions and generate estimates for MFP and markups.  

Chapter 5 analyses trends amongst four categories of firm size (firms with less than 50 

employees, 50 – 499 employees, 500 – 4,999 employees and 5,000+) and finds that larger firms 

(500+ employees) are growing faster and are more profitable on average than smaller firms. It 

also finds evidence of a significant size premium with regard to both markups and MFP, the 

extent of which increases over time for both markups and MFP. This indicates that larger firms 

have greater levels of market power relative to smaller firms, and this power is increasing over 

time.  

Given that increasing gaps in markups between larger and smaller firms are mirrored by 

increasing gaps in MFP, it is likely that changes in technology are contributing to these 

dynamics. The increase in markup gaps is greater in the digital intensive category and the 

impact of moving up size groups is also greater in digital intensive industries. Finally, we see 

an average output elasticity of greater than one in both digital intensive and less digital 

intensive categories, and this has increased slightly over time. It is notable that the magnitude 

is greater in the digital intensive category in both periods (1.03 vs 1.02 in Cycle 1, and 1.04 vs 

1.03 in Cycle 2).     

Figure 1-4 Are large firms gaining in market power, and is digitalisation a factor? 

 

1.3.2 Are production dynamics changing, and in turn impacting competition?  

Chapter 5 established that large firms (500+ employees) are gaining in market power relative 

to smaller firms. Chapter 6 seeks to examine some of the dynamics underlying these changes 

by examining the role of digital and other intangible assets in changing production dynamics. 
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It then goes on to assess whether these changing production dynamics are impacting 

competition.   

A considerable amount of theoretical work (described in Section 3.2) has been carried out to 

analyse the implications of the growth in digital and other intangible assets that has been a key 

feature of many advanced economies in recent years. This theoretical work has linked the 

growth in intangible assets to a number of macroeconomic phenomena, such as increased 

market concentration, higher markups and a declining labour share. There is, however, a lack 

of empirical evidence to link the growth in intangible assets with changing competitive 

dynamics.    

The thesis attempts to bridge this gap by estimating stocks of intangible assets at the firm level, 

assessing if the growth of these intangible stocks can be linked to changing production 

dynamics, and analysing the connections between the growth of intangible assets and changing 

competition dynamics. Specifically, it seeks empirical evidence for a number of core properties 

of intangible assets, and asks if these properties are influencing competition. For example, it 

evaluates if the scalability of intangible assets is reflected in greater marginal benefits to 

profitability for larger firms.  

The thesis makes use of the Compustat database that contains information on sales, general and 

administrative (SG&A) expenses that can be used to estimate intangible capital stocks at the 

firm level. A method developed by Peters and Taylor (2017) and Ewens et al. (2021) was used 

to estimate intangible capital stocks for almost 16,000 firms over a period from 1970 – 2019. 

The impact on production dynamics was assessed through the estimation of a series of industry 

production functions for each of seven economic cycles during that period (as defined by the 

American National Bureau of Economic Research), using the cost of intangible capital stock 

as one of the inputs to the production functions.  

Considerable attention was provided to the creation of the most comprehensive set of deflators 

possible, given to the length of the data set and the importance of industry specific inputs to 

the production functions. This resulted in the creation of approximately 400 unique gross 

output deflators, and a range of other deflators for labour, intermediate goods, physical capital 

and intangible capital.  

The results from the production function estimates indicated that changes in firms’ cost 

structures and the growth in intangible assets is being reflected in changing production 

technologies. There was substantial growth in the intangible capital coefficients over time, and 

in the latest cycles in particular. The average industry intangible capital coefficient increased 
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from 0.04 in Cycle 5 (1991 – 2000), to 0.05 in Cycle 6 (2001 – 2007) and reached 0.08 in Cycle 

7 (2008 – 2019). This stood in contrast to physical capital, where the average coefficient 

remained at 0.06 over the same period.  

The increase in the average intangible capital coefficient was particularly pronounced in the 

digital intensive category (0.10 in Cycle 7), and in the most digital intensive (4th quartile) 

category in particular (0.11 in Cycle 7). The positive relationship between the degree of 

digitalisation and the intangible capital coefficient held whether the sector was manufacturing 

or services.  

The question then turned to the scalability of intangible capital and its potential impact on 

competition dynamics. Firstly, the data showed a clear contrast in how the average revenue 

product (ARP) of intangible capital changes with size relative to physical capital. The ARP of 

intangible capital tended to increase with size, while the ARP of physical capital declined 

slightly.  

The thesis also found evidence for significantly stronger relationships between profitability and 

intangible assets for the largest firms in a given industry, with a positive and significant 

interaction term for the Top 8 firms in a given industry in a regression of intangible capital on 

profit margins. Furthermore, these relationships are growing stronger in the most recent 

economic cycle. More granular regressions with five different size groups show that marginal 

impact of intangibles increases systematically with size, with the effect slightly more 

pronounced in the digital intensive category.  

Finally, the thesis found evidence that intangible capital is contributing to increasing 

profitability gaps between industry leaders and laggards. The intangible intensity of the top 8 

firms, as measured by the share of intangible capital in total capital, is strongly correlated with 

the industry margin gaps. A 1% change in the percentage intangible intensity is associated with 

an approximately 2% increase in the margin gap. 
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Figure 1-5 Are production dynamics changing, and is this impacting competition? 

 

1.3.3 Is increased digitalisation leading to lower corporate tax revenues?  

Having addressed a number of competition issues related to increased digitalisation, the thesis 

goes on to assess potential consequences for corporate taxation. The properties of digital and 

other intangible assets can potentially provide firms with taxation benefits as well as 

competitive benefits. The uniqueness and firm specificity of intangible assets can make them 

difficult to value, while the intangibility means that firms have considerable scope in terms of 

the jurisdiction they are ‘located’ for tax purposes. This provides opportunities for 

multinational enterprises (MNEs) to manipulate the terms of inter-company transactions and 

shift income to low tax jurisdictions, thereby lowering the overall rate of corporate tax paid by 

the firm (Dyreng and Hanlon 2021).  

The thesis used tax and financial data from Compustat and estimates of firm-level intangible 

capital outlined above to employed to establish if firms in digital intensive industries use 

intangible assets to pay less corporate tax. The variable of interest was a standard measure used 

in the literature, namely the amount of cash taxes paid divided by pre-tax income (the cash 

effective tax rate, or ‘Cash ETR’). Despite the considerable level of international focus on the 

topic, it found little evidence of significantly and systematically lower Cash ETRs in digital 

intensive industries.  

The thesis did find evidence of heterogeneity amongst firms however, with larger firms in 

digital intensive industries displaying slightly lower ETRs than their equivalents in less digital 

intensive industries. MNEs in digital intensive industries also have slightly lower ETRs than 



10 

 

MNEs is less digital intensive industries. While this could be indicative of their capacity to use 

intangible assets to lower Cash ETRs, the effects are modest.     

Figure 1-6 Is increased digitalisation leading to lower corporate tax revenues? 

 

1.3.4 Answering the core research question 

To summarise, the thesis returns to the core research question set out in Section 1.2: 

“Are changing production dynamics brought about by the development of digital technologies 

having heterogeneous impacts on firms of different sizes, thereby changing the balance of 

competition between larger and smaller firms?”   

Taking each element in turn, we see that increased investment in digital and other intangible 

assets is having a significant impact on production dynamics, with intangible capital an 

increasingly important factor of production. This is particularly the case in digital intensive 

industries.  

Because intangible capital is more scalable than physical capital, it is providing larger firms 

with a higher average revenue product and greater marginal benefits to profitability. We have 

also seen that larger firms have higher markups and MFP, and that these gaps are increasing 

over time. It is likely that digital technologies are playing a role in these trends given that 

increasing markup gaps are mirrored by increasing gaps in MFP, while average output 

elasticities are also greater than one and higher in digital intensive industries.  

We can therefore say that digital technologies are indeed having heterogeneous impacts across 

firms of different sizes, and these impacts are shifting the balance of competition towards larger 

firms.     
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Chapter 2 Literature Review 

2.1 Introduction 

This chapter provides an overview of an extensive literature on the evolution of market power 

and outlines a number of factors that have been associated with these changes, before assessing 

which explanations may carry the most weight. It then sets out a number of mechanisms by 

which technological changes could be impacting these trends, focussing specifically on how 

digital technologies could have heterogeneous impacts across firms of different sizes. It ends 

by setting out the key unresolved/unexamined questions that the thesis will seek to address, 

before summarising the key conclusions of the chapter. 

Before delving deeper into specific issues around digitalisation and market power, the literature 

review will seek to address two key initial questions. 

1. How has the level of competition/market power evolved over time?  

2. What is driving this evolution?    

2.2 How has the level of competition/market power evolved over time? 

No one indicator can show whether the level of competition has increased or decreased in a 

given industry. They are either difficult to measure accurately (such as markups over marginal 

cost, labour share, levels of investment, etc.) or can indicate different things depending on the 

circumstances (degree of market concentration). For example, Syverson (2019) notes that 

increased concentration can be reflective of market power, but can just as easily result from 

increasing substitutability and greater competition. He points out that while there is a positive 

relationship between market concentration and average market power in the general Cournot 

model, there are many commonly used industry models that predict a positive relationship 

between competition and concentration. The key driver here is increased substitutability, which 

makes it harder for higher cost firms to operate. Average price/cost margins decline, and 

concentration and consumer welfare increase. He also notes that many empirical studies have 

found that greater substitutability/competition (arising from reductions in transport or search 

costs, for example) shift activity away from smaller, higher-cost producers and toward larger, 

lower-cost producers. Greater concentration can therefore be welfare enhancing when it is 

associated with greater efficiency and lower price/cost margins.  
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Given the presence of potentially conflicting signals, and the possibility of ‘good’ and ‘bad’ 

market concentration, a range of indicators must be evaluated in order to see if a consistent 

picture emerges.   

The evidence would suggest that: 

2.2.1 Concentration has been increasing in most developed economies  

Reviewing the available evidence, there is substantial consensus that concentration has risen in 

many (though not all) sectors in the U.S. and across the OECD. It has also been shown that 

concentration ratios based on sales have risen more rapidly than concentration ratios based on 

employment.  

Furman and Orszag (2015), The Economist (2016), Grullon et al. (2017), Autor et al. (2020) 

and Döttling et al. (2017) carried out studies at various levels of industry classification and all 

found that concentration has increased in the US. Furman and Orszag (2015) outlined 

increasing concentration trends at the 1-digit NAICS industry level, but similar trends were 

identified at more granular levels by Grullon et al. (2017) (NAICS 3-digit) and The Economist 

(NAICS 4-digit).  

Grullon et al. (2017) note that the Herfindahl-Hirschman Index (HHI) increased in 75% of 

industries using both public and private data. The HHI score increased by 90% on average for 

public firms. Autor et al. (2020, p.650) note “a rise in sales concentration within four-digit 

industries across the vast bulk of the U.S. private sector”, and that “the share of U.S. 

employment in firms with more than 5,000 employees rose from 28% in 1987 to 34% in 2016”. 

They also found that concentration ratios measured in sales terms have risen by more than those 

measured in employment terms, implying that firms are increasingly achieving what 

Brynjolfsson et al. (2008) termed ‘scale without mass’.    

Gutierrez and Philippon (2019) look at concentration ratios of ‘superstars’ in the US (sales of 

the top 4/20 firms by value by industry) and find that while they have increased since the 1980s, 

they are not at historically unprecedented levels. Gutiérrez and Philippon (2017) also argue that 

the rise in concentration is less in Europe based on Compustat, Orbis and CompNET data. 

Valletti (2018) also finds that concentration trends have not changed significantly in the EU, 

though he notes significant data limitations.  

In contrast, Bajgar et al. (2023) find similar increases in Europe based on a data set of the 

universe of firms. Using firm-level data from the MultiProd database, they find that the average 

share of industry sales of the largest 10% of companies rose by four percentage points across 
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12 European countries. They also looked at trends at the business-group level using matched 

Orbis-Worldscope-Zephyr data, and found increases in the order of two percentage points in 

Europe and seven percentage points in North America. Further support for rising concentration 

outside the US comes from Lashkari et al. (2019) and De Ridder (2021), who also find evidence 

of rising concentration in French firm-level data.   

On balance, it would appear that concentration has indeed increased across many developed 

economies. It is also worth noting that Zhang (2022) shows that the right tail of the firm size 

distribution systematically grows thicker with economic development, both within countries 

over time and across countries. 

2.2.2 The level of ‘business dynamism’ is declining 

Business dynamism is a general term used by authors to describe rates of job creation and job 

destruction, as well as firm entry and exit rates. Decker et al. (2014a, 2014b, 2016, 2017) show 

that the pace of business dynamism is declining in the US, with rates of job creation down from 

an average of 18.9 percent in the late 1980s to 15.8 percent in the 2004 – 2006 period. Job 

destruction rates fell from an average of 16.1 percent to 13.4 percent over the same period. A 

fall in the start-up rate and a reduction in the proportion of young firms are both major 

explanatory factors, given their higher rates of job creation and destruction.  

There has also been a reduction in the number of high growth young firms. This may be due to 

changes in technology that mean firms can expand without employing as many people as 

previously, or that they are being acquired by larger firms. Another view comes from Akcigit 

and Ates (2021), who conclude that a decline in knowledge diffusion between frontier and 

laggard firms could be a significant driver of decreased dynamism. 

Calvino and Criscuolo (2019) look at the links between digital intensity and dynamism across 

15 countries (including many of the world’s largest economies). Two key stylised facts emerge. 

Firstly, levels of dynamism are higher in digitally intensive industries, and particularly so in 

services which has considerably higher entry rates. Secondly, these levels of dynamism have 

been declining in both digitally intensive and non-digitally intensive industries since the turn 

of the century. Interestingly, the decline has been steeper in digitally intensive industries. 

The timing of the declines is notable, with Decker et al. (2016) showing that the character of 

the decline in dynamism changed around 2000. Calvino and Criscuolo (2019) also show 

significant declines post 2000 (particularly for digital industries), but they have no data for 

comparison before this date. Nevertheless, it would appear that business dynamism declined at 

the same time as the internet came of age.      
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2.2.3 Investment has been declining (though the ‘true’ extent is debated) 

Rates of business investment can also be important potential indicators of market power. Firms 

with a large degree of market power may have less incentive to innovate and invest. In addition, 

if their market power reduces the capacity for other firms to compete, it may reduce investment 

at those firms also.  

Gutiérrez and Philippon (2017) state that business investment recovered slowly from its 

collapse during the financial crisis, and did not return to pre-crisis levels. However, Crouzet 

and Eberly (2018) contend that many of these trends were in place before the crisis, and can be 

explained in large part by a failure to account correctly for intangible investment (which is 

typically expensed rather than capitalised). ‘Investment gap’ measures relative to Tobin’s q are 

reduced by one quarter in firm-level data and by three quarters in industry data by adjusting for 

the presence of intangible capital. Increased intangible investment is driven by industry leaders, 

and is associated with increased concentration through increased productivity and market 

power. Gutierrez and Philippon (2017) also state that intangible investment can explain some 

of the decline in investment, but argue that increased concentration and declining levels of 

domestic competition are bigger factors.   

Peters and Taylor (2017) looked at the Investment q relation and found that adding estimates 

of intangible capital significantly improved the R2 of investment on q. This was true of both 

firm and US macro data, and the effect was particularly strong for industries with high levels 

of intangible investments such as high-tech and healthcare.   

The recognition of the increasing importance of intangible investment at the firm level 

complements earlier work on the macro economy by Corrado and Hulten (2010) found who 

found that rates of intangible investments have doubled since 1948 and now account for the 

single largest source of growth in the US outside of multifactor productivity. Corrado and 

Hulten (2010) and Corrado et al. (2012, 2016) document substantial increases in intangible 

investment in the US and other advanced economies.  

2.2.4 Labour share of value added has been decreasing 

There has been a decline in labour share in the U.S. and in many other developed countries. 

Dao et al. (2017) provide one of the most comprehensive overviews of trends globally, and 

find that labour’s share of income in advanced economies has fallen from c. 55% in the 1970s 

to c. 40% today. This fall is occurring due to within-industry movements rather than a shift to 

less labour-intensive industries. Technological displacement is the key driving force, with 

medium skilled workers being particularly impacted. 
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Corrado et al. (2009) found a dramatic shift in income accruing to labour when intangible 

capital is accounted for in a Solow-Jorgenson-Griliches (SJG) sources-of-growth framework. 

They found that intangible capital accounted for 15% of income, with labour share declining 

from 70% to 60%, and tangible capital down from 30% to 25%. 

The changes occurring at firm-level are vital to understanding the aggregate trends. The US 

has not seen a general substitution of labour for capital, but rather a reallocation of sales 

towards firms characterised by low labour share (as demonstrated by Kehrig and Vincent 

(2021) for manufacturing plants and by Autor et al. (2020) for the broader economy). Autor et 

al. (2020) set out a number of important trends in this regard and link the decline in the labour 

share to the rise in industry concentration and the rise of ‘superstar’ firms. They state that  

1. The rise in sales concentration reflects the increased specialisation of leading firms 

on core competencies and large firms getting bigger. 

2. Industries with larger increases in concentration have larger declines in labour share. 

3. The fall in the labour share is mainly due to the reallocation between firms rather 

than a general fall in the labour share for the average firm. 

4. This reallocation-driven fall is most pronounced in the industries experiencing the 

largest increase in sales concentration. 

5. The industries becoming more concentrated have faster growth of productivity and 

innovation. 

6. Larger firms have higher markups and the size-weighted aggregate markup has risen 

more than the unweighted average markup. 

7. These patterns are not unique to the United States, and are present in other OECD 

countries. 

Autor et al. (2020) also cite technological change as a potential basis for their superstar 

dynamics, and the growth of intangible capital specifically. They note that greater productivity 

amongst larger firms and the links between concentration, innovation and productivity that they 

document support this hypothesis.    

We are also seeing greater variation in wage levels. Berlingieri, Calligaris and Criscuolo 

(2018b) state that between firm wage dispersion is driving overall wage inequality, and this 

wage dispersion is linked to increasing productivity dispersion (occurring mostly within 

sectors). Globalisation and digitalisation are associated with higher wage divergence. This 

supports the work of Bloom (2017), who states that increasing productivity differences between 
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firms (driven by IT investments and winner takes most competition) are a key contributor to 

wage inequality.    

Card et al. (2018) note the links between greater productivity dispersion and the firm level and 

greater wage dispersion. Controlling for worker heterogeneity, they find a ‘rent sharing’ 

elasticity of 0.10 – 0.15, implying that a 10% increase in value added per worker is associated 

with a 1 – 1.5% increase in wages. Differences in worker skill levels account for about 40% of 

the observed pay differences.        

2.2.5 Corporate profitability has increased and become more persistent 

2.2.5.1 US Evidence 

The Economist (March 2016) noted that in the US the share of post-tax profits to GDP was 

over 6% in 2014 which put them at historic highs. Cash generation (as measured by the ratio 

of free cash flow to GDP) had never been higher at c. 5%. Furthermore, the Economist cited 

data from McKinsey that showed that a firm that was very profitable in 2003 (with returns on 

capital of 15 - 25%, excluding goodwill) had an 83% chance of remaining so in 2013. That 

contrasted with a 50% chance in the previous decade.  

Ayyagari et al. (2018) found increasing gaps between ‘star’ firms (defined as those in top 10 

percent of return on invested capital in any year) and the rest of the economy over time. 

However, when intangible capital was accounted for, the gaps declined significantly. The 

research shows the importance of accounting for intangible capital, particularly when 

discussing return on capital measures.   

De Loecker et al. (2020) found that average markups in the US rose from 21% above marginal 

cost in 1980 to 61% in 2016. They also found that this increase was driven by firms in the 

upper tail of the markup distribution, with the median markup remaining virtually unchanged. 

Average profit rates also increased, indicating that while overhead costs had increased, 

markups had risen in excess of these increases. In addition, Barkai (2020) found that the share 

of ‘pure profit’ (i.e., income not attributable to labour or capital) has increased significantly. 

The extent of the increase depends on assumptions made with regard to intangible capital in 

particular, but even when relatively large levels of intangible investment are assumed, pure 

profit growth has increased over time.  

Crouzet and Eberly (2018) combine two approaches to analyse changes in markups: an 

industry-level approach developed by Hall (1988, 2018a), and the firm-level approach of De 

Loecker and Eeckhout (2017). They found average markups to have increased from about 20% 

to 40% over marginal cost using the industry approach. They then used firm-level markups to 
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analyse the relationships between investment in intangibles and markups, finding strong links 

between investment in intangible assets and both markups and productivity (depending on the 

sector).  

Hall (2018b) found that markups have increased to about 30% over marginal cost using 

industry level KLEMs data for 60 industries (i.e., industry level data on capital, labour, energy, 

materials, and services inputs). He found no evidence that ‘mega-firm’-intensive sectors have 

higher markups, but ‘some evidence that markups grew in sectors with rising mega-firm 

intensity’ (where a mega-firm is one with 10,000 or more employees). 

Traina (2018) is a dissenting voice who finds average increases of 8 – 10 percent from 1980 – 

2016, though De Loecker and Eeckhout (2018) show that differences with De Loecker et al. 

(2020) are due to a different estimation method which more closely matches the operating 

profit rate than their measure of markups.     

2.2.5.2 Global Evidence  

Diez et al. (2018) found markups in advanced economies have been rising steadily since the 

1980s, and at an accelerated pace since the mid-2000s. Corporate level data suggest that these 

trends have been driven by a relatively small number of ‘superstar’ firms. Díez et al. (2021) 

noted that the trend of increasing markups is more prevalent amongst listed firms than those of 

private firms and, in common with De Loecker et al. (2020), that the markup increase is driven 

by firms in the top decile of the markup distribution. They also find a U-shaped relationship 

between markups and firm size. The turning point was for firms of roughly 900 employees 

(when using that metric as the measure of size). 

McKinsey (Manyika et al. 2018) looked at economic profits (return on capital less cost of 

capital) amongst 6,000 of the world’s largest public and private firms and found that the 

distribution of economic profits follows a power curve, where the top 10% of firms capture 

80% of economic profits. These superstars tend to be bigger, more profitable, more innovative, 

more globalised and more productive than their peers.  

Calligaris et al. (2018) examine the relationship between the digital intensity of an industry and 

the level of markups. They find a statistically significant difference in the mean of markups of 

digitally intensive industries versus non-digitally intensive industries, and also find statistically 

positive relationships when regressing dummies of digital intensity on markups. They also find 

that the differences in the levels of markups between digitally intensive industries and non-

digitally intensive industries are increasing over time.    
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Finally, Cavalleri et al. (2019) look at markups in the euro area and conclude that they have 

been broadly flat overall, albeit with variations by industry. However, they use a similar method 

to Triana, and so a similar critique applies. 

2.2.6 Differences in productivity are increasing in many advanced economies 

Andrews et al. (2015) found that firms on the technological frontier firms are 4 – 10 times more 

productive than follower firms in their industry and are also “typically larger, more profitable, 

more likely to belong to a group/conglomerate and patent more intensively than other firms” 

(p.10). They also find that that while economy-wide productivity growth has declined, 

productivity growth at technological frontier firms has not, and gaps are therefore widening.  

These findings are corroborated by Berlingieri et al. (2017), who find that dispersion in firm-

level productivity has significantly increased across 16 OECD countries in the last decade. 

Most of the increase is within-sector, and increased wage dispersion is linked to increased 

productivity dispersion.  

Autor et al. (2020), Bessen (2020) and Ganapati (2021) all note a positive relationship between 

concentration and productivity in the US, which is notable given the discussion on ‘good’ and 

‘bad’ concentration in Section 2.2. Crouzet and Eberly (2018) also find a link between 

concentration and productivity for some sectors, but find that market power (as evidenced by 

higher markups) is a bigger driver in others. In contrast, Gutiérrez and Philippon (2017) and 

Covarrubias et al. (2020) identify a link between concentration and productivity in the 1990s, 

but find this disappears in the 2000s. I will discuss this debate further in Section 2.3.4. 

McKinsey (Manyika et al. 2018) found that superstars are more productive than the median 

firm (revenue per FTE 20-25% higher). However, firms in the bottom decile were even more 

productive – a full 50% higher than the median firm. They state that this raises a question 

regarding the impact of labour productivity if unaccompanied by other investments in R&D 

and intangibles. 

Decker et al. (2017) find a positive link between firm size and productivity, with larger firms 

achieving higher productivity growth, on average. However, their productivity growth is 

declining at a faster rate than smaller firms, and this, combined with a decline in allocative 

efficiency, is contributing to the slowdown in productivity growth in the US. Finally, Bajgar, 

Calligaris, et al. (2019) found that digital adoption is correlated with productivity on average, 

but the impacts were concentrated on productive firms with complementary digital and 

management skills. 
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2.2.7 Summary of the Trends Identified  

There is broad consensus that in the US and many other advanced economies industry 

concentration has increased, business dynamism has declined, markups and profitability have 

increased, and labour’s share of income has declined. Investment appears to be declining 

though the extent is difficult to measure given the accounting treatment of intangible 

investment. Productivity gaps between leaders and laggards appear to be increasing, though 

the relationship between productivity and increased concentration is debated.  

It is important to recognise however that many of the trends above (such as increasing markups 

and a declining labour share) are not universal – they are driven in large part by the largest and 

most successful firms. For example, increases in average markups have been driven by high 

markup firms (Calligaris et al. 2018; De Loecker et al. 2020; Díez et al. 2021). As Autor et al. 

(2020), Autor et al. (2017a, 2017b) and Kehrig and Vincent (2021) show, the fall in the labour 

share is not due to a general reallocation from labour to capital, but rather a reallocation of 

market share towards low labour share firms. Kehrig and Vincent (2021) highlight a 

particularly important role for firms that grow value added without a corresponding increase in 

employment, thereby lowering their labour share (though it tends to rebound somewhat over 

time).      

We also see a prominent role for intangible assets more broadly and digitalisation in particular. 

For example, intangible investments appear to be related positively to markups (Crouzet and 

Eberly 2018), declines in aggregate investment and the labour share (Corrado et al. 2009; 

Gutiérrez and Philippon 2017) and increases in concentration (Bessen 2020; Weiss 2020; 

Bajgar et al. 2023).  

It is therefore natural to ask if changing technological trends and investment patterns are having 

heterogeneous impacts across different types of firms (larger/smaller, more/less productive, 

etc.).   

2.3 What is driving this evolution?   

While there is a reasonable level of consensus on the trends above, there is considerable debate 

on their causes. There are three broad explanations cited in the literature: 

1) a lack of competition and ‘pure market power’;  

2) the growth of ‘superstar’ firms; and  

3) more fundamental forces such as changing production technologies.    
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2.3.1 Pure market power explanation 

Van Reenen (2018) sets out some of the arguments for declining levels of competition in the 

US, in particular.  

Declining anti-trust enforcement. In the US, use of Section 2 of the Sherman Act, which 

allows antitrust agencies to prevent an increase in market power of dominant firms, has 

declined from an average of 15.7 cases per year over the period 1970–1999 to fewer than 3 

over the period 2000–2014 (Grullon et al. 2017). Against this, Van Reenen (2018) states that 

there has been an increase in anti-trust fines in both Europe and the US (though this could be 

seen as a consequence of an environment with greater market power!).  

Increased regulatory burden. As Van Reenen (2018) outlines, some industries have certainly 

seen higher regulatory burdens in the US, most notably financial services and healthcare. 

However, the standard OECD index of product market regulations shows broad stability for 

the US from the late 1990s to today. And this index also shows substantial de-regulation in the 

EU over this time. 

Weaker enforcement of competition policy. Covarrubias et al. (2020) present a model that 

predicts a supranational regulator (as exists in the EU) is more likely to enforce competition 

policy beyond the preferences of any individual country. They see this as a key reason for 

diverging concentration and investment trends in Europe and the US.  

2.3.2 Superstar firm explanation 

Increasing competition can go also hand in hand with the trends outlined above. Autor et al. 

(2020) outline a model with heterogeneous firms and imperfect competition which shows that 

if firms differ in their productivity and markets are not perfectly competitive, more productive 

firms will have bigger market shares. Furthermore, these large ‘superstar’ firms will tend to 

have higher profit margins and lower labour shares of value added. 

These superstar firms can emerge due to greater competition (through globalisation), or by 

technological changes where significant network effects tend to lead to a small number of firms 

dominating the market. Van Reenen (2018) states that the growth in platform competition in 

digital markets has led to increase in ‘winner takes most’ competition, where network effects 

can mean that small quality differences can tip a market towards one or two players earning 

very high profits. There is now more competition “for the market” rather than “in the market” 

(p.22). 
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These superstar dynamics can also occur due to the scale advantages related to intangible 

capital, which will now be discussed in more detail. 

2.3.3 Changing technologies and investment patterns 

The growth of intangible investment (Corrado et al. 2005, 2009, 2016; Corrado and Hulten 

2010; Haskel and Westlake, 2018) has been a significant trend across a number of advanced 

economies. Figure 1-1 showed a significant increase in intangible investment in the US relative 

to tangible investment over time. The graph below is taken from Haskel and Westlake (2018), 

and reveals that the United States is not alone in this regard. We can see that intangible 

investment has broadly matched or exceeded investment in physical assets in a number of 

countries.  

Figure 2-1 Intangible and tangible investment as shares of GDP (averages, 1999– 2013) 

  

Source: Haskel and Westlake (2018), based on INTAN- Invest database (www.intan-invest.net). Data are whole 

economy, GDP adjusted to include intangibles. Countries are Austria (AT), Denmark (DK), Finland (FI), France 

(FR), Germany (DE), Italy (IT), Netherlands (NL), Spain (ES), Sweden (SE), UK (UK), USA (US). 

As Haskel and Westlake (2018) outline, this increase in investment in intangible assets has 

significant economic impacts as the characteristics of intangible assets differ from tangible 

assets in a number of important ways.  

1. Firstly, intangible investments are more likely to be scalable. For example, anti-virus 

software capable of protecting one computer could just as well protect 1,000,000 at 

almost no additional cost to the firm that produced it. Scalability tends to produce larger 

and more profitable firms, particularly when network effects are important.   

http://www.intan-invest.net/
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2. They typically represent a sunk cost, as they are often specific to the firm and difficult 

to separate from the firm’s other assets, meaning they are difficult to sell in a secondary 

market. While it is possible to sell some intangible assets such as patents, they tend to 

be the exception. This also means that intangible assets are difficult to collateralise and 

finance, which may reduce investment, particularly for smaller, more capital 

constrained firms.   

3. Intangible investments generate spillovers. It is possible for other firms to copy 

designs, or learn from technology or specific management practices. This means that 

other firms can extract value from them, which may reduce investment incentives. It 

also means that firms that are adept at capturing spillovers will be more successful.   

4. Lastly, intangible investments tend to have synergies with each other. In a productivity 

context, the literature has established significant complementarities between 

management skills and IT investments, for example. Synergies matter because they 

have the opposite effect of spillovers – they encourage firms to collaborate with other 

firms in the search for new ideas. They also create alternative ways of benefitting from 

intangible assets; “building synergistic clusters of intangible investments, rather than 

protecting individual assets” (Haskel and Westlake, 2018, p.86). 

Haskell and Westlake (2018) state that these four properties produce two more general 

characteristics of intangible assets – uncertainty and contestedness. While all investments are 

uncertain to some degree, intangible investments carry significant risk, both positive and 

negative. Sunkenness means that little value may be left if an investment fails. However, if it 

is successful, higher rewards may be on offer due to intangible scalability, while positive 

synergies may open up further opportunities.  

Intangible investments are also often contested, in that people and businesses vie for ownership 

and influence. This is partly a function of spillovers, as businesses benefit from the investments 

of others, but also synergies. When combinations of intangibles are particularly valuable, the 

benefits to those who are sufficiently well placed in the network can be considerable.    

Many of the features of intangible investments can produce the type of dynamics outlined 

above, and a number of researchers have created models to illustrate these links. De Ridder 

(2021) outlines a model whereby firms can spend a fixed amount on an intangible input which 

reduces marginal costs by an amount depending on an efficiency parameter. Firms with low 

adoption costs have a competitive advantage and can invest more in R&D, enabling them to 

enter new markets and grow. This leads to a short-term increase in productivity as these low-
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adoption cost firms expand, but a longer-term decline due to the barriers to entry faced by firms 

with higher adoption costs.  

Similarly, Aghion et al. (2022) put forward an endogenous growth theory where rising 

concentration is driven by lower overhead costs of spanning multiple markets (due to IT 

advances). The most efficient firms spread into new markets, thereby generating a temporary 

burst of growth. Because their efficiency is difficult to imitate, less efficient firms find it more 

difficult to enter profitably and innovate less, reducing growth in the longer term.  

A number of authors focus on the high fixed cost/low marginal cost characteristic of intangible 

assets to create models that produce many of the dynamics outlined above, such as increases 

in concentration and markups and reductions in the labour share. Weiss (2020) formulates a 

model in which firms make a one-time, irreversible investment in intangible capital at entry. 

Large productive firms with high markups disproportionately increase investment and gain 

market share. Korinek and Ng (2017) create a model with similar dynamics, though the driver 

is investment in IT specifically, and Kwon et al. (2022) also outline a model linking new 

technology adoption to rising concentration. Sandström (2020) creates a model emphasising 

the uncertainty and scalability properties of intangible capital, with successful firms earning 

high markups (though not necessarily high profits), while unsuccessful firms exit.  

Chiavari and Goraya (2022) also link intangible investments to many of the macroeconomic 

trends above including larger firm size, dispersion of total factor productivity, higher sales-

weighted profit rates and increasing industry concentration. However, their model emphasises 

the shift in production from labour, which is relatively flexible, to intangible capital which has 

large adjustment costs.   

I will discuss a number of these models in more detail in the Methodology section.  

2.3.4 Evaluating and deciding between the explanations 

Firstly, if should be emphasised that the explanations above are not mutually exclusive. 

Declining competition may play a greater role in some industries which are not as exposed to 

international trade or have greater levels of regulation. In other industries significant network 

effects may be present which produce a small number of more productive ‘superstar’ firms. 

The growth of intangible assets is likely to be playing a part, though the dynamics may vary 

across industries.  This points to a need for further detailed firm-level research. 

Another aspect that must be considered is that conditions may also change over time. The 

models of De Ridder (2021) and Aghion et al. (2022) both emphasise short term gains in 
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productivity and welfare as intangible intensive firms expand, with longer terms declines as 

their success deters potential entrants.   

Notwithstanding those caveats, does one explanation carry more weight? 

When examining this question, it is perhaps useful to pose it in terms of ‘pure market power’ 

versus ‘broad technological change’ explanations. The growth of intangible assets is entirely 

consistent with the ‘superstar’ explanation in that many firms considered superstar firms are 

those with high quality intangible assets and significant market share. Indeed the scalability of 

their intangible assets may be the source of their superstar status, and Autor et al. (2020, p.649) 

cite “scale advantages related to the growth of intangible capital” as one of the drivers of their 

winner takes most mechanism.  

In making the case for the pure market power explanation, Gutiérrez and Philippon (2017, 

2018) and Covarrubias et al. (2020) argue that:  

1. similar increases in concentration and profits have not been seen in Europe compared 

to the US;  

2. there is no significant link between productivity and concentration; and  

3. market leaders do not have higher investment and R&D in concentrating industries.    

With regard to the first point, concentration is increasing in Europe per the latest and most 

comprehensive study available (Bajgar et al. 2023). The MultiProd database contains 

harmonised administrative data from 22 countries, and as such, is one of the most reliable and 

comprehensive sources of data on concentration. That study also looks at trends at the regional 

level using business-group data, overcoming a number of methodological issues with other 

studies.  

Their third argument may not hold if market leaders are more productive and require relatively 

less investment, as could well be the case given the very low marginal costs often associated 

with intangible investments. Relying on q to estimate expected investment rates is also highly 

problematic given that a large proportion of intangible assets do not appear on the balance 

sheet, though their impact should be felt on the equity value of the company.    

This leaves the links between productivity and concentration. As Van Reenen (2018) says, if 

the increase in the aggregate markup is due to a less competitive environment (due to weakened 

anti-trust enforcement, etc.) this will generally lead to worse allocative efficiency, higher prices 

and lower productivity. However, if it is due to tougher markets reallocating more output to 

the more efficient firms this should lead to higher productivity.  
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While Gutiérrez and Philippon found that the link between productivity and concentration in 

the US broke down in the 2000s, a number of studies have reached different conclusions.  

Autor et al. (2020) found that US industries (four-digit) with the greatest increases in 

concentration have also had higher TFP growth and a faster growth in innovation. Ganapati 

(2021) and Bessen (2020) both find a positive relationship between growth in concentration 

and productivity changes.  

Ganapati (2021) finds no correlation between increases in prices and changes in concentration 

(as may be expected if concentration was being driven by weaker competition). He does find 

that it is significantly correlated with higher output, revenue, labour productivity, average 

wages and lower income shares. He then runs a second set of regressions with two independent 

variables: concentration and productivity. Interestingly, he finds that almost all the correlation 

between concentration and the other variables is absorbed by productivity. There is a small, 

but positive and significant, relationship between concentration and price. However, this is 

completely offset by a large and highly significant relationship between concentration and 

higher productivity.  

While Ganapati (2021) notes that measurement error makes it difficult to truly disentangle 

productivity from pure market power, his results are robust to a range of alternative 

specifications. Higher concentration is associated with increased productivity, regardless of 

how each of those is measured. 

Crouzet and Eberly (2018, p.4) find that there are “pervasive links between intangible 

investment, market power, and the productivity gap in the sectors we examine, though the 

nature of the link varies across sectors”. This may point to a key reason for the discrepancies – 

the links between productivity and concentration differ across sectors. In more digitally 

intensive sectors, we see strong links between intangible investments, higher productivity and 

higher concentration (I note that Bajgar, Berlingieri, et al. (2019) do not see differences in 

concentration v. digitally intensive versus non, though this analysis is based on manufacturing 

industries only).   

As noted, Berlingieri et al. (2017) found that globalisation and digitalisation were associated 

with wage divergence, and tended to strengthen the link between productivity and wage 

dispersion within sectors and countries and over time. In addition, Bessen (2020) found that 

the use of proprietary IT systems accounted for most of the increase in concentration seen in 

the US over the period from 1997 – 2012, and was strongly associated with growth in operating 

margins and higher productivity. Bajgar, Calligaris, et al. (2019) found that digital adoption 
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was correlated with productivity on average, but the impacts were concentrated on productive 

firms with complementary digital and management skills. 

It is also worth highlighting that De Loecker et al. (2020) found evidence that returns to scale 

are increasing in the US. Their production function specification with variable and capital 

inputs alone suggests the presence of increasing returns to scale, with the overall output 

elasticity rising from 1.02 in 1980 to 1.08 in 2016. A three-input specification including fixed 

overhead sales, general and administrative (SG&A) costs, which would include intangible 

investments, suggests an increase from 1.07 to 1.13 (though it reaches 1.22 in 2010). They 

conclude that this confirms that the overhead is in part a fixed cost that generates increasing 

returns. Its importance as a source of returns to scale is also growing (as evidenced by the rise 

in returns to scale over time, in contrast to physical capital which is stays relatively constant). 

Covarrubias et al. (2020) state the reason their results differ from those above is that their 

results are based on ‘fat tail econometrics’ (ibid, p.26). Ganapati and Autor et al. carry out their 

regressions at the 6-digit and 4-digit level respectively. They say that industry results at these 

levels of aggregation are highly sensitive to idiosyncratic firm-level shocks. If a large firm 

experiences a positive shock, industry output and concentration increase at the same time, 

leading to a ‘mechanical positive correlation’. Their regressions are carried out at the 2-digit 

level, where changes in concentration ratios are more normally distributed than the 4 or 6-digit 

level.  

The counter to this argument is that productivity and concentration are best measured at more 

granular levels. Firms operating in the same two-digit industry may be relatively dissimilar, 

and changes in market share occurring at this level may not be the result of direct competition. 

In addition, the production technologies of firms at finer levels of granularity are more likely 

to be similar, rendering comparisons of MFP more meaningful. As MFP is measured as a 

residual from an industry production function estimate, it is vital that the production function 

is a reasonable approximation across firms in a given industry.    

To conclude, it is difficult to provide sweeping conclusions as the relative importance of factors 

such as regulation, technological change and barriers to entry will vary by industry, and may 

also vary by time. However, the weight of evidence would suggest that there is significant 

technological change occurring which is having an impact on competitive dynamics. In many 

cases these impacts appear to be positive, with rising concentration associated with higher 

productivity. However, there is also some evidence to suggest that entry barriers created by 
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these large and productive firms may be harming business dynamism and growth in the long 

term.  

It is also worth noting that a lack of competition in some countries/industries could accentuate 

shifting market power dynamics created by technological change.  Andrews et al. (2016) find 

that productivity divergence between leaders and laggards remain after controlling for 

differences in capital deepening and markup behaviour suggesting that rising gaps between 

frontier and laggard firms reflects technological divergence. Interestingly however, the rise in 

multifactor productivity divergence was more extreme in sectors where pro-competitive 

product market reforms were least extensive, suggesting that lax competition policies could be 

accentuating these dynamics.   

While there is some evidence provided above that digital and other intangible investments may 

be enabling larger firms to gain market share and higher markups, a comprehensive review of 

the literature did not reveal any studies that assess how technological change impacts the 

relative competitiveness of firms of different sizes. There are a number of reasons to suspect 

that the impact of digital technologies may vary according to firm size.  The focus of the next 

section is on studies that illustrate why this may be the case.     

2.4 Mechanisms by which technology may impact competition 

There are a number of ways digital technologies may impact competition between firms of 

different sizes. Some of the most impactful are outlined below, with key elements of the theory 

discussed further in the Methodology section (Chapter 3).    

2.4.1 The scalability of digital and other intangible investments 

As outlined in Section 2.3.3, digital technologies and other intangible investments tend to be 

scalable. Haskel and Westlake (2018) provide the example of an aircraft engine manufacturer 

that creates the design for a particular engine. Once it is created, it can then be used across an 

arbitrarily large number of engines. This is due to the non-rival nature of information and 

knowledge, which means that once the upfront cost of creating the knowledge associated with 

a design, piece of software etc. has been incurred, it can be applied to a potentially infinite 

number of units of a good.  

Crouzet et al. (2022) note that information requires a storage medium (such as piece of 

software, a patent or a design) in order to be put into production. They put forward a model of 

intangible capital where the degree of non-rivalry and excludability of that storage medium 

dictates its scalability. For example, information stored in digital form is easy to store, copy 
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and distribute, making it highly scalable. Information stored as human capital (such as 

particular operational processes) is not scalable to the same degree, as implementing them in 

new locations may require reallocating scare managerial talent from other uses.  

In the case of digital goods, the marginal costs associated with producing an additional unit can 

be virtually zero, as noted in the example of a piece of anti-virus software. This can create a 

cost structure with high fixed costs (the potentially very high cost of developing the anti-virus 

software), but relatively low marginal costs (for example, the advertising costs of marketing 

the software to additional customers). Indeed, some marginal costs be zero (such as software 

distribution costs). Firms that can scale production can spread the fixed costs over a large range 

of output can make very substantial gains. This naturally creates advantages for large firms 

with well-developed sales networks.   

A number of studies have identified links between IT and concentration going back to 

Brynjolfsson et al. (2008). They found that greater use of IT promotes better within-firm 

business process replication. This, combined with continued industry innovation, is leading to 

more dynamic 'Schumpeterian' competition and greater concentration in IT intensive 

industries. More recently, Bessen (2020) used an instrumental variable approach to analyse the 

link between IT investment and industry concentration over the period from 1997 - 2012. He 

uses the share of jobs in each industry that are sedentary (given that computers are more readily 

adopted in sedentary occupations, but industry concentration is not likely to influence 

sedentariness), and finds that proprietary IT investments can account for most of the growth in 

industry concentration in the US. Kwon et al. (2022) also note strong, positive and statistically 

significant relationships between industry concentration and R&D and IT investments.  

We also have evidence from outside of the US, with Lashkari et al. (2019) noting a robust 

within-industry correlation between firm size and IT intensity in French data. They develop a 

model where the relative marginal product of IT inputs rises with firm scale, on the basis that 

IT helps firms deal with organisational limits to scale. They conclude that their model can 

explain about half of the observed rise in market concentration and the reallocation toward low-

labour-share-firms in France.    

2.4.2 The complementarity of digital and other intangible assets 

A second defining characteristic of intangible assets is their complementarity with other 

intangible assets (or ‘synergies’ in the Haskel and Westlake (2018) framework in section 2.3.3). 

Obtaining the benefits from digital investments is contingent on other intangible assets such as 

complementary technical and management skills and organisational structures (Bresnahan et 



29 

 

al. 2002; Brynjolfsson et al. 2002, 2008; Bloom et al. 2012; Bajgar, Calligaris, et al. 2019; Gal 

et al. 2019).  

For example, Bloom et al. (2012) find that US multinational affiliates gain more productivity 

from their IT capital and use IT more extensively relative to all other geographies considered. 

These US-owned firms exhibit higher scores on their ‘people management’ practices which are 

based on policies for promotions, rewards, hiring and firing. These practices account for most 

of the higher IT based output elasticity. Gal et al. (2019) found robust evidence that digital 

adoption at the industry level (NACE 2-digit) is associated with productivity gains at the firm 

level. The effects are stronger for more productive firms, but weaker in the presence of skill 

shortages, which point to complementarities between digital technologies, human capital and 

other forms of intangible capital. 

The range and depth of managerial and complementary technical skills necessary to gain full 

advantage of digital investments are more likely to be found in larger firms. In addition, data 

from the World Management Survey shows that management quality scores tend to increase 

with firm size, as the trendline below clearly shows.  

Figure 2-2 Mean management scores from the world management survey by firm size 

(number of employees) 

 
Source: World Management Survey. See Bloom et al. (2014). 

https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/OY6CBK  

https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/OY6CBK
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2.4.3 Reducing coordination costs and promoting scale economies  

Investments in technology can help cut through complexity by improving coordination 

between operating units and within supply chains. These issues are typically more acute for 

larger firms, meaning that they could stand to gain more from these investments. Penrose 

(1959) identified two fundamental constraints on the size of a firm – managing complexity, 

and expanding its base of knowledge. The ‘inherited managerial resources’ of the firm must be 

expanded in order to deal with additional complexity and expand the firm’s knowledge base as 

it grows. Firms only grow if top management develop and execute coordinated expansion plans 

(Connell 2009).  Echoing the complementarity argument, Penrose (1959) identified how 

existing managerial resources at any given period of time set a limit to firm expansion. 

Chandler (1990) emphasised the role of management in dealing with complexity in order to 

maximise the benefits of scale. He identified three interlinked investments that are required in 

order to take full advantage of scale and scope economies.  

1. Investment in production facilities large enough to take full advantage of potential 

economies of scale and scope.  

2. The development of procurement and sales networks to source materials and distribute 

the increased production to market.  

3. An investment in the managerial capacity and capability required to direct and 

administer all of this increased activity.    

There are two decisive factors when it comes to taking advantage of economies of scale and 

scope - capacity and throughput. Capacity dictates the potential in terms of the ‘minimum 

efficient scale’, but it is throughput that determines if the potential cost savings are realised. If 

a capital-intensive plant with sizeable fixed costs is not optimally utilised and supplied with a 

constant stream of inputs, profitability can decline quickly.  

Extensive coordination is required - not just in terms of production processes, but also the flow 

of inputs from suppliers and the flow of outputs to intermediate producers or final users. The 

potential size of economies of scale are therefore a function of physical capacity, but their 

realisation (as determined by throughput) is a function of organisational capabilities.  

As noted in section 2.4.1, intangible investments are often associated with relatively high fixed 

cost and low marginal cost structures. But to realise the benefits of low marginal costs, you 

must produce in high volumes. This requires further mastery of intangibles, in order to generate 

demand (marketing, branding, sales etc.) and coordinate production (digital technologies, 

organisational structures & processes and human capital). Intangible investments therefore 
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create the conditions for economies of scale, but also provide the means by which they are 

realised. 

Digital technologies can have a significant impact on the ability of an organisation to 

coordinate resources and realise scale economies. Coase (1937) stated that coordination costs 

increase with the number of transactions, and the spatial distribution and dissimilarity of those 

transactions. IT investments can potentially lower the number of people required to effectively 

coordinate transactions, as well as reducing the effective spatial distribution through virtual 

meetings, etc.  

Increasingly, we are seeing scale economies in services as well as manufacturing, where they 

have been an important feature for many years. Chang-Tai and Rossi-Hansberg (2021, p.2) 

argue that much of the increase in concentration seen in the US stems from the fact that “ICT-

based technologies together with the adoption of new management practices have finally made 

it possible for firms outside of manufacturing to scale up production over a large number of 

locations”. This has made possible ‘an industrial revolution in services’.   

Bessen (2022) notes that the improvements brought about by digital technologies go beyond 

automation and make ‘mass customisation’ possible. He provides an example in the retail 

sector where traditionally firms faced a trade-off between providing a relatively 

undifferentiated offering at scale and serving the niche demands of local markets. Large 

retailors gained economies of scale through standardisation, centralisation of buying and 

warehousing, etc. This came at a cost in terms of limited variation and an ability to meet local 

needs, however. He states that investments in digital technologies by Walmart altered these 

dynamics by developing integrated technology that was able to identify and supply products 

that matched local tastes. Technology is now making it possible to combine market efficiency 

in the provision of heterogeneous needs with central planning and efficiency, resulting in a new 

era of ‘mass customisation’.  

Mariscal (2018) develops a model where firms are organised into hierarchies with workers who 

produce output and managers who solve problems. The introduction of IT capital enables firms 

to economise on knowledge at lower layers, and it becomes easier for managers to solve 

problems. This increases the employment share and wages of managers, while the workers' 

share diminishes and their wages decline. Larger firms with more layers and higher 

communication costs see greater cost declines. This lowers their marginal costs, increases their 

competitiveness and enables them to gain a greater share of value added.   
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2.4.4 Digital investments can facilitate greater automation  

Another factor that can promote scale economies is automation. Young (1928) noted that 

greatest impact of the division of labour on productivity came not from specialisation per se, 

but from the fact that it allows a complex process to be broken down into a number of simpler 

processes, at least some of which can be automated. It is this division, and the adoption of 

‘roundabout methods of production’, that produce the greatest returns to scale. Developments 

in robotics, AI and machine learning are providing greater scope for automation, which in turn 

can allow for greater returns to scale to be realised. To the extent that it replaces human 

coordination, it is also more scalable. Replacing labour with intangible assets rather than 

physical capital may be more powerful still given their potential to scale with very low marginal 

costs. This is particularly true of digital assets. 

2.4.5 Digital markets may be characterised by substantial network effects 

As Calligaris et al. (2018) outline, digital industries are often characterised by direct and 

indirect network effects, economies of scope in data collection, and high and increasing levels 

of product differentiation due to data analytics. Again, many of these impacts (particularly 

substantial network effects), benefit larger companies. At the extreme, increasing returns to 

scale in data gathering and processing can give rise to digital monopolies (Loertscher and Marx, 

2020). 

2.5 Examining the interplay of technology and firm size 

While a number of studies referenced above examine the relationship between digital or 

intangible assets and concentration, no studies to date systematically examine the interplay of 

technology and firm size, and how this impacts the relative competitiveness of smaller and 

larger firms. From reviewing the literature, a number of questions can be identified that must 

be addressed in order to do so.  

Chapter 5 examines if systematic shifts are evident in the relative market power and 

competitiveness of smaller and larger firms over time (where large firms are those of 500+ 

employees). It also assesses if digital technologies are playing a role in these trends by looking 

at how patterns differ between industries categorised as ‘digital intensive’ and ‘less digital 

intensive’. Specifically, it poses the following questions.   

▪ Do larger firms have higher markups, profits and MFP, all else equal? 

▪ How are these markup and MFP trends changing over time? 

▪ Do patterns vary according to the digital intensity of an industry? 
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▪ Given the above, has there been a shift in market power between large and small firms? 

▪ If so, are technological factors playing a role? 

If digital technologies alter the competitive balance between larger and smaller firms, then we 

should see: 

▪ higher markups at larger firms, all else equal; 

▪ increasing gaps in markups between larger and smaller firms over time as digital 

technologies mature; and 

▪ similar trends in MFP to those observed for markups, relative to size and over time. 

It is also vital to address the potential role of intangible assets more broadly, and to see if they 

are impacting production dynamics and helping drive the trends discussed previously. As 

outlined above, digital and other intangible assets are highly complementary (particularly 

management and other technical skills, such as capacity to design, set-up and operate machines 

or technological systems), and the efficacy of digital investments is partly determined by the 

presence of these assets (Bajgar, Calligaris, et al. 2019). The literature has established a 

substantial growth in intangible assets at the aggregate level, but the impact of these 

investments at firm level is less well understood. Chapter 6 therefore assesses if intangible 

capital is playing a greater role in production (as indicated by its output elasticity), and if 

intangible assets are having statistically and economically significant impacts on profitability. 

The research questions generated from reviewing the literature are as follows.   

▪ Are the increases in intangible investment reflected in changing production dynamics 

at the firm level (as indicated by the output elasticity of intangible investment relative 

to other inputs)?  

▪ If these production dynamics are changing, are they impacting competitive dynamics 

between small and large firms?    

▪ Is there evidence of differences between more and less digital intensive industries?  

If intangible assets more broadly are altering competitive dynamics, then we should expect to 

find:  

▪ evidence of a growing influence in industry production functions over time as digital 

technologies mature; 

▪ a more pronounced influence in digitally intensive industries; and 

▪ variation in the impact of intangible assets on profitability by firm size.    
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2.6 Other implications of the growth of digital and other intangible assets 

Chapter 8 assesses the broad policy implications of the empirical analyses, but first Chapter 7 

addresses one of the more controversial aspects of digitalisation, namely its impact on 

corporate tax revenues. Low effective corporate tax rates at a number of large and technology 

intensive firms have brought a focus on the issue of income-shifting, and how digital and other 

intangible assets can facilitate it. This has resulted in the OECD pursing a two-pillar approach 

to address tax challenges from digitalisation of the economy as part of the base erosion and 

profit shifting (BEPS) process (OECD 2015, 2018, 2019, 2020a, 2020b). The first pillar 

addresses the tax base, potentially allocating more taxation rights to countries where the sales 

occur, rather than where the selling firm is located. The second pillar addresses tax rates, 

focussing on the introduction of a global minimum tax for large multinational enterprises 

(MNEs). 

Income-shifting occurs when multinational corporations (MNCs) take advantage of inter-

company transactions to lower effective tax rates (ETRs). As outlined by Dyreng and Hanlon 

(2021), MNEs can do this by manipulating both the terms of the transactions, and where those 

transactions occur. This practice can be used to recognise more income in low tax jurisdictions.  

Digital and other intangible assets are convenient for manipulating both the terms and locations 

of the transactions. Their firm-specific nature makes transactions difficult to benchmark, 

providing firms with greater scope when setting transfer prices. Furthermore, the ‘location’ of 

some intangible assets, such as patents or copyrights, can be easily moved between 

jurisdictions, depending on the incentives created by different tax codes.   

Therefore, the question arises whether firms in digital intensive industries have lower cash 

ETRs than other firms, and how this varies with other potentially influential factors such as 

age, earnings history, MNE status and the level of intangible assets. Given that it would appear 

that large, multinational and intangible-intensive firms have greater scope to avoid tax through 

the strategic use of intangible assets, it is also useful to consider to what extent, if any, variables 

such as scale, MNE status and digitalisation combine to impact ETRs. The primary research 

questions are: 

▪ Do firms in digital intensive industries pay less tax than those in less digital intensive 

industries?  

▪ How does the interplay of size, MNE status and digitalisation impact ETRs? 
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2.7 Conclusions 

There has been significant progress in our understanding of market power dynamics in recent 

times, with a number of key themes emerging.  

1. Concentration has been increasing in most developed economies and across most 

industries. 

2. The level of ‘business dynamism’ is declining generally, and while dynamism is higher 

in digital industries, it is declining at a faster pace.  

3. Investment has been declining, though the extent is debated. 

4. Labour share of value added has been decreasing in advanced economies, with the 

changes driven by within-industry movements and a shift in share towards lower labour 

share firms. 

5. Corporate profitability is increasing and more persistent, with aggregate increases being 

driven by the most profitable firms. 

6. Differences in productivity between firms are increasing. Digital adoption is correlated 

with productivity on average, but the impacts are concentrated on productive firms with 

complementary digital and management skills.    

There has been some controversy regarding the primary driver of these trends, with some 

arguing for a lack of competition/increase in market power, and others citing more fundamental 

underlying drivers such as technological change and the development of ‘superstar’ 

competitive dynamics. While the explanations are not mutually exclusive, and the most 

important drivers may vary by industry, it does appear that the increasing importance of digital 

and other intangible assets are playing a vital role. As discussed above, there is a growing body 

of literature linking both increased digitalisation and investment in intangible assets with 

growing concentration, higher markups, lower labour share and widening productivity gaps 

between firms (e.g. Andrews et al. 2015; Calligaris et al. 2018; Crouzet and Eberly 2018; Autor 

et al. 2020).  

The literature also puts forward a number of reasons to suspect that technology may impact 

firms of different sizes in a heterogeneous manner since  

▪ Digital and other intangible assets are inherently scalable. 

▪ Digital assets are complementary with other intangible assets such as technical and 

managerial skills, which are more likely to be found in larger firms. 

▪ Digital investments can reduce coordination costs and promote scale economies. 
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▪ Digital investments can facilitate greater automation. 

▪ Digital markets may be characterised by substantial network effects. 

It is therefore natural to investigate if digital technologies are leading to fundamental changes 

in the relative competitive balance between smaller and larger firms. If this is the case, it has 

significant policy implications as new and potentially dynamic firms may find it more difficult 

to innovate and grow, leading to lower levels of competition and reduced consumer welfare. 

Such dynamics have been proposed in a number of recent papers as outlined above. However, 

comprehensive empirical investigation is lacking. This thesis seeks to address this gap in the 

literature.          
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Chapter 3 Methodology 

3.1 Introduction 

This chapter sets out the key methodological approaches. It begins by outlining a number of 

aspects of models of intangible capital that will inform the thesis. It highlights several important 

characteristics that distinguish digital and other intangible assets, and how these features can 

impact competition between firms of different sizes. While much of the commentary applies 

to intangible assets as a whole (for reasons outlined in Section 1.1.1.1), it also addresses the 

distinctive properties of digital assets specifically, and their relevance for the empirical 

strategy.  

The chapter then discusses a number of technical aspects concerning the estimation of 

production functions and markups. The thesis seeks to examine technical change and the 

heterogeneous impact of technology on firms of different sizes, and an assessment of markups 

and MFP is vital in doing so. Estimating markups, MFP and intangible output elasticities 

requires the estimation of production functions in a thorough and robust manner. However, the 

estimation of production functions can be subject to considerable biases, and so the chapter 

outlines the steps taken to address these issues. It also describes the method of estimating 

markups which are a key proxy for market power. 

This chapter addresses important aspects of the methods that are used throughout the thesis. 

Specific aspects that are relevant to individual chapters are described in those chapters.  

3.2 Modelling intangible capital 

Table 3-1 sets out several models highlighting various aspects of intangible capital and their 

impacts on variables such as concentration, labour share, profitability and productivity. Many 

of the models focus on the scalability of intangibles, with firms investing in a fixed cost 

intangible asset which enables them to reduce marginal costs. This can result in a concentrating 

dynamic, as firms that can invest more effectively in intangibles can reduce their marginal costs 

to a level that enables them to outcompete other firms. This can occur via a parameter 

governing the extent of the impact of intangibles on marginal costs (e.g. Korinek and Ng 2017; 

De Ridder 2021), the firm’s existing efficiency (Weiss 2020; Chang-Tai and Rossi-Hansberg 

2021; Aghion et al. 2022), or a combination of both (Kwon et al. 2022).   
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Table 3-1 Models of intangible assets 

Paper Dynamics Results 

Aghion, et al. (2022). A Theory 

of Falling Growth and Rising 

Rents. 

- There are two sources of firm heterogeneity. The first is product quality, 

which differs across the product lines, and improves endogenously through 

creative destruction. The second is process efficiency, which is common to 

all product lines of a firm.   

- Overhead costs fall and/or the process efficiency advantage of big firms 

rises, encouraging them to expand to a wider set of product lines.  

- As these firms expand, they raise average markups and lower the 

aggregate labour share.  

- The most efficient firms expand by innovating, bringing a temporary 

surge of growth. 

- Markups eventually fall for both high and low productivity firms, as they 

face high productivity competitors. 

- This ultimately drags down innovation, growth, and job reallocation. 

Chang-Tai, H., & Rossi-

Hansberg, E. (2021). The 

Industrial Revolution in Services. 

- Each firm produces a service in various local markets. There is one 

producer in each area, dependent on its productivity being above a 

threshold which produces positive profits.  

- The firm's productivity is dependent on an overall productivity parameter 

(A) that applies to all locations, and another (a) that applies to individual 

locations. 

- Firms pay a fixed cost F to provide a service and another (f) to provide it 

in a local market. They can invest in a technology that increases F but also 

increases A, lowering marginal costs of production in all markets.  

- The most productive firms adopt a new technology, increasing fixed 

costs but reducing individual market costs. The adopters are larger in 

employment and produce in more markets. 

- Firms in traded sectors do not adopt the new technologies as intensively 

as they do not have to create new plants to enter local markets. 

Chiavari, A., Goraya, S., (2022). 

The Rise of Intangible Capital 

and the Macroeconomic 

Implications. 

- The model focusses on the adjustment costs associated with physical and 

intangible capital.  

- Firms face adjustment costs when investing in intangible capital and 

larger and more productive firms can bear these more easily than smaller 

and newer firms. 

- These adjustment costs in turn drive a number of macro dynamics such 

as changes in concentration and labour share. 

- Intangible investment share increases over time and labour share 

decreases. 

- Sales weighted profitability increases as the wage rate declines and more 

activity is carried out by larger and more productive firms. 

- This results in rising average firm size, greater dispersion of total factor 

productivity, revenue, sales weighted profit rates and increasing industry 

concentration. 
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Paper Dynamics Results 

Crouzet et al. (2022) A Model of 

Intangible Capital. 

- Entrepreneur produces with a tangible input and an intangible input 

across x production streams (they may be different product lines, 

geographies, plants, etc.). 

- Tangible inputs are rented and spread out across the streams. Intangible 

inputs are produced by the entrepreneur and spread across the streams, 

depending on their degree of non-rivalry (ρ - a parameter between 0 and 

1). If they are completely non-rival, a given quantity can be used across all 

streams. 

- Intangible inputs are also non-excludable however, limiting the ability of 

the entrepreneur to appropriate the gains. The of non-excludability is also 

governed by a parameter δ (0 - 1). 

- High degrees of non-rivalry (ρ close to 1) are associated with larger firm 

span but not necessarily higher returns for the entrepreneur as retention 

also depends on δ. 

- When excludability is high (low δ) the entrepreneur is more likely to 

produce with a greater span and use a higher proportion of intangibles. 

- If δ is higher, and the excludability of intangible assets is low, they may 

opt to produce a lower span and use more tangible inputs.   

De Ridder, M. (2021) Market 

power and innovation in the 

intangible economy. 

- Firms can chose to spend a fixed amount on an intangible input which 

will reduce their marginal cost. This is a sunk cost that must be committed 

in each time period. The impact on marginal costs is determined by an 

efficiency parameter determined at birth (lower ϕi implies a greater ability 

to reduce marginal costs for a given fixed cost investment). 

- Each product is produced by a single firm with a patent. Firms can invest 

in R&D to develop a higher quality version. The incumbent will still 

produce if it has a better price/quality trade-off. If the entrant has the same 

or better intangible efficiency level, it will always produce the product. 

- High intangible firms have higher profitability, lower discount rates and 

lower choke prices, and therefore invest more in innovation. 

- Their efficiency gives them a competitive advantage, which deters 

entrants and reduces aggregate levels of innovation. The productivity of 

R&D declines due to the concavity of R&D investment. 
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Paper Dynamics Results 

Korinek, A., & Ng, D. X. (2017). 

The Macroeconomics of 

Superstars 

- There is a continuum of sectors served by traditional competitive firms. 

A traditional sector turns into a superstar sector when an entrepreneur 

comes up with a digital innovation that allows them to replace a fraction of 

the tasks in production using digitisation and information technology. 

- These innovations have zero marginal cost, generating a form of 

increasing returns. The extent of the innovation determines the scale of 

cost reduction and returns to the superstar (from an increased markup to 

monopoly rents). 

- There is also an extension with 2 superstar firms who compete in 

Cournot fashion.  

1) There is a factor replacing effect as the demand for labour and capital 

declines. 

2) The factor shares are replaced by the superstar's markup.  

3) If the cost decline is particularly large, the superstar can charge a 

monopoly price while still undercutting traditional firms. This leads to an 

increase in the superstar's output and an increased demand for labour and 

capital, as well as superstar profits. The additional wealth also increases 

demand for traditional sectors and increased labour and capital demand. 

This output scale effect partly offsets the factor replacing effect. 

- The Cournot extension results in higher output and lower markups, with 

the firms producing in proportion to their cost savings. 

Kwon et al. (2022) 100 Years of 

Rising Concentration 

- Firms can use an old constant-returns-to-scale technology, that requires a 

relatively low amount of upfront spending and a per-unit productivity ai. 

- They can also access an increasing returns to scale technology (parameter 

h > 1) with a higher upfront cost but higher per-unit productivity.   

- A firm specific productivity parameter a determines which firms will 

adapt the new technology and the h parameter dictates the degree of 

economies of scale.  

- Firms below a productivity threshold will exit, those in the middle range 

keep the old technology, and those above adopt the new technology. 

- As scalability of h increases, concentration also increases. 

- Profitability only depends on the exogeneous markup µ. 
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Paper Dynamics Results 

Lashkari, D., Bauer, A., & 

Boussard, J. (2019). Information 

Technology and Returns to Scale. 

Banque de France Working Paper 

N. 737. 

- The authors distinguish IT from other types of capital and allow the 

marginal product of IT relative to other inputs to vary with the size of the 

firm. 

- The resulting nonhomotheticity in IT factor demand implies that returns 

to scale varies with firm size, and the share of profits in the income of 

firms also varies as a function of their size, even if markups are constant. 

- Changes in the relative price of IT impact macro variables through its 

effect in shifting the distribution of income between firm profits and factor 

payments. 

- The authors find evidence for the nonhomotheticity of IT demand and for 

an elasticity of substitution between IT and other inputs that falls below 

unity.  

- Under the estimated model parameters, the cross-sectional predictions of 

the model match the observed relationship of firm size with IT intensity 

(positive) and labour share (negative).  

- In addition, as a response to the fall in the relative price of IT inputs in 

post-1990 France, the model can explain about half of both the observed 

rise in market concentration and the observed market reallocation toward 

low-labour-share-firms. 

Weiss, J. (2020). Intangible 

Investment and Market 

Concentration. 

- Weiss creates a dynamic model of oligopolistic competition in which 

firms make a one-time, irreversible investment in intangible capital at 

entry.  

- This effectively allows firms to commit to a higher level of production, 

which deters competitors and potential entrants.  

- He takes as given a change in technology that increases the importance of 

intangible capital in production.  

- Large productive firms with high markups disproportionately increase 

investment and gain market share.  

- In the calibrated model, a shift toward intangible capital in line with 

estimates of the recent rise in intangibles can explain more than half the 

increases in concentration and markups from 1997 to 2012. 
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3.2.1 Intangibles, cost structure and competition 

The De Ridder (2021) model provides an excellent overview of how investment in intangible 

assets can alter a firm’s cost structure and impact competitive dynamics through the interplay 

of higher fixed costs and lower marginal costs. In this model firms can choose to spend a fixed 

amount on an intangible input that will reduce their marginal cost. This is a sunk cost that must 

be committed in each time period. The impact on marginal costs is determined by an efficiency 

parameter determined at birth (φ).  

The optimal level of marginal cost (s*ij) is determined by the efficiency parameter. If it can 

produce profitably at a quality adjusted choke price equal the marginal cost of the second 

lowest cost producer, it will invest in the intangibles and produce the equilibrium output y*ij. 

If not, it will produce nothing, invest nothing in intangibles for that product, and have a 

marginal cost equal to its wage rate.  

Firms can invest in R&D in order to generate a patent that allows them to produce a good at a 

multiple (λ) of quality of the existing producer. However, the incumbent may still produce the 

good with a lower quality patent if it has a more attractive cost/quality combination. The 

innovator will always produce the product if its φ is the same or lower than the incumbent. 

Entrepreneurs and other incumbent firms can innovate on products, and the rate of creative 

destruction is determined by their probabilities of success.  

Firms invest in R&D at a level that will maximise expected value. This is a function of the 

profits from the goods it produces, plus the expected value from the goods it could innovate 

on, less the cost of R&D and its fixed costs. Firms will engage in more innovation when the 

expected value is higher, and this will increase as φi declines. High intangible firms have higher 

profitability, lower discount rates and lower choke prices, and therefore invest more in 

innovation (though the efficiency of this innovation declines due to a concavity assumption 

with regard to R&D).  

As a firm grows in size, it invests more in intangibles, and its share of fixed costs will rise, with 

higher markups compensating for these increased fixed costs. The efficiency of the intangible 

intensive firms gives them a competitive advantage, which deters entrants who find it difficult 

to compete with the cost/quality proposition of these firms. This in turn reduces aggregate 

levels of innovation and productivity growth. While aggregate levels of R&D increase, the 

effectiveness declines due to the concavity assumption. This, combined with lower levels of 

innovation as intangible intensive firms begin to dominate, results in lower levels of aggregate 
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productivity growth after an initial increase following the emergence of the intangible intensive 

firms.  

There are a number of implications of this model (and others like it above) for the research 

questions to be addressed in this thesis.  

▪ Firstly, the growth of digital and other intangible assets should be accompanied by an 

increase in fixed costs, as well as a rise in markups to compensate for these increased 

fixed costs. This will create a trend of growing markups over time.  

▪ The larger a firm’s investment in digital assets, the greater the level of markup. Digital 

intensive firms and industries should display evidence of higher markups, all else equal.  

▪ If a firm’s cost/profitability advantage stem from its investments in intangible assets, 

we should see this reflected in superior productivity also. This last point is an important 

one when attempting to parse the impacts of technological change from pure market 

power.  

It is also noted that many of the models predict that the labour share will fall as the intangible 

share increases, though this falls outside the scope of the thesis and has been addressed 

extensively elsewhere (see section 2.2.4).  

3.2.2 What is distinctive about digital assets specifically?  

Two of the models outlined in Table 3-1 address digital assets specifically, while a third can 

be used to contrast digital assets with other intangible assets. Korinek and Ng (2017) focus on 

the zero marginal cost element of digital investments discussed previously to generate a form 

of increasing returns to scale. In their model ‘superstar’ firms generate a digital innovation that 

allows them to automate a fraction of the tasks in production using information technology 

with a fixed cost but zero marginal costs. These superstars can then charge a lower price than 

traditional firms, with the extent of the cost reduction and additional profits dictated by the 

extent of the innovation.  

Lashkari et al. (2019) adopt a slightly different approach and allow the marginal product of IT 

relative to other inputs to vary with the size of the firm. This also generates increasing returns 

to scale, and the share of profits in the income of firms varies as a function of their size, even 

if markups are constant.  

The models point to a very important aspect of digital investments if an element of zero 

marginal costs is present. In this case scale, and scale alone, can become a determining factor 
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in profitability, even if all firms have access to the same technology and face the same 

prices/markups. A simple example, set out in Appendix 1, makes this clear.  

3.2.2.1 Illustrative example of the impact of scale across different cost/capital structures 

In this example there are four different scenarios where three firms produce with four different 

capital structures. The firms have access to the same technologies and input and output prices. 

The only difference within the four scenarios is the level of output at each firm. This is done to 

illustrate the impact of scale at different cost structures (one fully variable and three with a mix 

of fixed and variable) and capital structures (one labour only, two labour & tangible capital, 

and one labour with tangible capital & intangible capital). Differences between the levels of 

profit margin across the 4 examples are less important than differences between the firms 

within each of the scenarios.     

The first scenario is very simple and illustrates that when all costs are variable, scale is only 

relevant to absolute profit. It is irrelevant to profit margin. 

The second scenario (Labour and Capital Scenario A) shows that when some costs are fixed, 

scale becomes relevant, but only to the extent that the firm needs to have the appropriate level 

of fixed costs and variable costs. In this example one machine can make a maximum of 2 units, 

so the optimal structure from a margin perspective is to sell in even numbers of output. This is 

why Firm One has higher profits in absolute and percentage terms than Firm Two, despite 

having lower output. It also matches the profit margin of Firm One. Marginal costs are the 

same for all firms, and the difference in profit levels comes from fixed cost per unit. 

In the third scenario (Labour and Capital scenario B), the firms operate with more expensive 

machines producing larger output, with a higher fixed cost and lower marginal cost structure. 

This will not impact profitability as long as the firm produces with the optimal proportions of 

fixed and variable inputs (in this case 10 units of output with 1 capital and 28 labour, rather 

than 2 units of output with 1 capital and 4 labour as per the previous example).  

The difference with the previous scenario is that the potential variability in profit increases. In 

the previous scenario, profitability could only range from 14.2% at 31 units, to 15% for all even 

numbers in the range of output from 30 - 80 units. In this case it can range from 4.8% at 31 

units to 15% at output multiples of 10. While marginal costs per unit are lower than the previous 

scenario, they are the same for all firms, with all differences coming from fixed cost per unit. 

In the final scenario, each of the firms develop an automated solution that has a fixed cost of 

500 to produce but can be rolled out to an unlimited number of machines. It requires 10 
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labourers to oversee production, regardless of the level of production. Marginal costs are 

reduced to additional material costs, and remain the same for each firm. However, the 

scalability of the intangible investment means that fixed cost per unit declines by a greater 

amount for Firm Ten given its greater output.  

This shows that it is not only the level of fixed costs and marginal costs that are important, but 

also the type of fixed costs (i.e. tangible vs. intangible) and whether there is an element of zero 

marginal costs. The impact of these zero marginal costs can be seen in declining fixed cost 

per unit and increasing average revenue productivity of intangible capital (ARP Int) as scale 

increases. Firm Four is operating as efficiently as its scale will allow and has the same marginal 

costs and markup as the other firms. However, it is not as profitable as the larger firms as it 

cannot spread the fixed cost of the intangible investment to the same extent, in contrast to the 

previous scenario.  

3.2.3 Formally modelling the scalability of intangible capital 

Crouzet et al. (2022) create a model that illustrates a number of these concepts in a more formal 

manner. It begins from the premise that intangible inputs are information that requires a storage 

medium such as a document, piece of software or a person. This need-to-store is due to the fact 

that information cannot be put into use until it is codified in some way. While the intangible 

and the storage medium are often conflated, they are not the same thing.  

The need-to-store has two key economic implications. Firstly, the medium of storage dictates 

the degree of non-rivalry. Intangibles that are stored within software may be completely non-

rival, as they are easily copied and stored so that the use of software in one part of the firm has 

no bearing on its use elsewhere. However, intangibles that are primarily stored within 

individuals may be only partially non-rival if widening their use requires the reallocation of 

scare managerial resources. 

The second aspect is the degree of excludability. Physical capital can be almost fully excludable 

if property rights can be relatively easily assigned and enforced. In contrast, some intangible 

goods may have no excludability, such as open-source software. Intangible capital cannot 

become an intangible asset without some degree of excludability. 

In the model there is a single firm, operating in one period. The Entrepreneur produces with 

physical capital and intangible capital across x production streams. These streams may be 

different product lines/geographies/plants, etc. There are 3 stages where key decisions occur: 

▪ the entrepreneur invests and creates intangible capital of size N; 
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▪ the entrepreneur keeps a fraction θ closely held, and stores 1 – θ externally; and 

▪ factors K(s) and N(s) are allocated across production streams.  

3.2.3.1 The interplay of non-rivalry, non-excludability and scale 

For a given amount of intangible capital N, the entrepreneur must decide on the optimal size 

of the firm depending on the interaction of two key properties of the intangible asset, namely 

its degree of non-rivalry and its excludability. A key assumption of the model is that in order 

to increase the span of the firm (where span is the total number of production streams, x), the 

entrepreneur has to give up some of the firm’s endowment of intangibles. This is governed by 

a parameter δ. Ne is the portion of intangibles retained by the entrepreneur, and θ is the fraction 

of the total N, so θ = Ne/N. As V is linear in N, the entrepreneur’s share of firm value, Ve (N, 

x, θ) = θV(N, x). 

The span of the firm is related to the share of intangibles retained by the entrepreneur through:  

x = f(, δ) = - 
1

𝛿
log(

𝜃

𝛿
)             if θ  [0, δ], or 0 if θ  [1, δ]                       3.1 

where δ  [0, 1] is a fixed parameter.  

So if the entrepreneur wants to retain higher ownership, they must choose a lower span. The  

parameter captures the strength of this effect. When it is close to zero, the entrepreneur does 

not have to give up a large amount of intangibles to increase span, and the opposite closer to 1.  

The second factor influencing span is the degree of non-rivalry of the intangible asset. The 

parameter ρ captures this non-rivalry, where 0 ≤ ρ ≤ 1. This is addressed in further detail in the 

next section.  

The entrepreneur jointly choses x and θ as follows:  

Ve(N) = 
𝑚𝑎𝑥

𝜃∈[0,1],   𝑥≥0
 θV(N, x)  s.t.  x = f(, δ)                               3.2 

The solution is 

𝑥̂ = 
𝜌

𝛿
,    𝜃 = δe-ρ 

and 

𝑉̂e(N) = AN δe-ρ(
𝜌

𝛿
)ρ 

A high degree of non-rivalry (ρ approaching 1) is associated with high span but low retention 

of intangibles by the entrepreneur (𝜃). Low non-rivalry or a high cost of storing intangibles 

externally (high δ) is associated with low span but high retention by the entrepreneur.  
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The optimal span 𝑥̂ = 
𝜌

𝛿
 increases with the degree of non-rivalry. However, for given limits to 

excludability, a higher degree of non-rivalry does not necessarily make the entrepreneur better 

off. When excludability is high (δ low), the entrepreneur would generally pick an intangible 

technology and operate at high scale. However, when excludability is low (high δ), the 

entrepreneur might instead pick a technology with rival capital inputs (ρ = 0), and focus on a 

single production stream (𝑥̂= 0). 

3.2.3.2 Production in the Crouzet et al. model 

In the production stage, profit maximisation occurs according to: 

V(N, x) = 
𝑚𝑎𝑥

{𝑁(𝑠),𝐾(𝑠)}𝑠∈[0,𝑥],𝐾
   ∫ 𝑖

𝑥

0
F(K(s), N(s))ds – RK 

s.t.  ∫ 𝑖
𝑥

0
K(s)ds ≤ K                                                   3.3 

(∫ 𝑖
𝑥

0
N(𝑠)

1

1−𝜌ds)1-ρ ≤ N                                                 3.4 

 

The firm choses the total physical capital and the allocation of physical and intangible capital 

{𝑁(𝑠), 𝐾(𝑠)} across production streams where 𝑠 ∈ [0, 𝑥] indexes the production streams.   

Within each stream production has physical and intangible capital and constant returns to scale: 

ꓯs ∈ [0,x], Y(s) = F(K(s), N(s)) = N(s)1-ζ K(s)ζ,                             3.5 

where ζ ∈ [0,1] is the elasticity of output w.r.t. physical capital. 

Tangible inputs are rented and spread out across the streams. Intangible inputs are produced by 

the entrepreneur and spread across the streams, depending on their degree of non-rivalry. When 

ρ = 0, the intangible input is completely non-rival and therefore non-scalable. The use of both 

physical capital and intangible capital is constrained by the amounts N and K.   

However, when ρ approaches 1, the constraint (2) becomes: 

𝑖
𝑙𝑖𝑚
𝜌→1

(∫ 𝑁(𝑠)
1

1−𝜌
𝑥

0
ds)1-ρ = 

𝑚𝑎𝑥
𝑠∈[0,𝑥]

N(s) ≤ N.                                      3.6 

In this case, the intangible is completely non-rival and amount N can be used across all streams, 

so N(s) = N.  

The marginal rate of technical substitution between intangibles across any two streams of 

production N(s) and N(s’) is: 

υ(N(s),N(s’); ρ)  = (
𝑁(𝑠′)

𝑁(𝑠)
)

𝜌

1−𝜌 
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The marginal rate of substitution equals 1 when ρ is 0, so increasing N(s) by a unit requires 

reducing N(s’) by one unit. When ρ = 1 however the MRTS converges to: 

𝑖
𝑙𝑖𝑚
𝜌→1

υ(N(s),N(s’); ρ)  =  
+ ∞ 𝑖𝑓 𝑁(𝑠′) > 𝑁(𝑠)
      0 𝑖𝑓 𝑁(𝑠′) < 𝑁(𝑠)

 

So in this case adding an additional unit of N(s’) is costless as long as N(s’) < N(s).  

Values of ρ between zero and one (partial non-rivalry) are also possible. In this case a small 

increase in N(s’) requires a reduction of N(s), but not by the full amount of the increase in N(s’). 

The authors provide an example of the implementation of an inventory management system in 

one location that requires taking some managerial resources from another location.  

It is assumed that the marginal revenue product of all streams s is the same, and the optimal 

allocation of capital is symmetric: 

ꓯs ∈ [0,x], N(s) = x-(1-ρ)N, 

K(s) = (A/(1-ζ))1/ζN(s)     where A ≡ (1-ζ)*(ζ/R)ζ/1-ζ 

 

Total demand for physical capital and the value of the firm are     

K(N,x) = (A/(1-ζ))1/ζNxρ                                                               3.7 

and 

V(N,x) = ANxρ                                                                      3.8 

We can see from 3.8 that the quantity of intangible N and the scope of implementation x 

are compliments, which can provide increasing returns to scale if both are increased. 

When ρ = 1,      

𝜕𝑉(𝑁,𝑥)

𝜕𝑥
  = AN, and 

𝜕𝑉(𝑁,𝑥)

𝜕𝑁
 = Ax. 

Increasing investment in intangible assets will create more value when they can be applied to 

more segments. Similarly, increasing the scale of the firm will create more value when 

intangible assets are more valuable. This stands in contrast to the case when ρ = 0, when the 

equivalent derivatives are zero and A.     

3.2.3.3 Using the model to analyse the impact of increased digitalisation 

While the model does not address digital assets specifically, it provides a very useful 

framework to contrast digital assets with other types of intangible assets, as well as tangible 

assets.  
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▪ As noted above, a defining characteristic of digital assets is the ease with which they 

can be stored, copied as distributed, implying a high ρ value relative to many other 

intangible assets.  

▪ A higher value of ρ implies a larger optimal span/scale, all else equal. As firms and 

industries become more digitalised, we should see evidence of this in greater average 

firm size. The growth should be particularly noticeable in digital intensive industries. 

▪ The ease with which digital assets are stored enhances their non-rivalry but also makes 

them relatively easy to copy. This will limit their excludability in the absence of strong 

and enforceable property rights. Where these are present, we would expect to see greater 

average firm size relative to the case with weak and difficult to enforce property rights. 

▪ We should see contrasting returns to physical and intangible capital given the scalability 

of intangible capital. In the model, returns to physical capital do not vary given the 

assumption of constant returns to scale. In contrast, returns to intangible capital will 

vary depending on the values of ρ and δ. Relatively high levels of ρ and low levels of δ 

will produce increasing returns. If greater use of digital assets over time is resulting in 

higher levels of ρ (without increasing δ significantly), then we should see greater returns 

to intangible capital over time.   
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3.2.4 Empirical evidence 

The table below sets out any empirical evidence associated with the papers listed in Table 3-1.   

Table 3-2 Empirical evidence for intangible model predictions 

Paper Empirical Questions / Propositions Results 

De Ridder, M. (2021) Market 

power and innovation in the 

intangible economy. 

- Firms with lower intangible cost parameters ϕi have a higher ratio of 

fixed costs over total costs across their products than other firms do, so as 

more of them emerge, there should be an increase in the average ratio of 

fixed over total costs. 

- Firms with higher fixed costs over total costs innovate at higher rates and 

have higher markups than other firms do. 

- The ratio of fixed costs to total costs has increased over time as per firm-

level data from the US and France. There is a positive and statistically 

significant relationship between IT spending and fixed costs. 

- There is also a positive and statistically significant relationship between 

R&D/sales and fixed costs/sales. Results of regressions between markups 

and fixed costs/sales vary by specification, but are generally positive and 

significant. 

Chiavari, A., Goraya, S., (2022) 

The Rise of Intangible Capital 

and the Macroeconomic 

Implications. 

- Certain model parameters are calibrated to real world data to analyse the 

predictions of the model versus real world data.  

- Production functions are estimated to evaluate the growth in importance 

of intangible capital over time. 

- They also analyse differences in average revenue product of physical and 

intangible capital. They expect to find greater variation in the average 

product of intangible capital, consistent with larger adjustment costs. 

- The authors estimate a production function with labour, physical capital 

and intangible capital for two periods (1980 – 1990 and 2000 - 2007) for 

all sectors, and find that the share of intangible capital has tripled from 

0.035 to 0.095 when using their preferred estimation method. 

- Variation in average revenue product of intangible capital is greater than 

physical capital, as measured by the standard deviation within each SIC2 

sector. Average revenue product of intangible capital also responds more 

to productivity shocks than the average revenue productivity of physical 

capital. 
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Paper Empirical Questions / Propositions Results 

Kwon et al. (2022). 100 Years of 

Rising Concentration. 

- Examine the relationship between industry concentration and 

technological intensity, where technological intensity is proxied by the 

share of R&D and IT spending in total investment as per the Bureau of 

Economic Analysis (BEA) fixed asset tables. 

- Also examine if industries with higher increases in concentration also 

experience higher growth in real output, under the assumption that this is 

reflective of economies of scale. 

- Strong positive and statistically significant relationship between industry 

concentration (top 1% asset shares) and technological intensity as per the 

BEA based measure. Breakthrough patents, as per Kelly et al. (2021), are 

also positively correlated with increased concentration.  

- Find positive and statistically significant relationship between industries 

that experience higher increases in concentration and real output growth. 

Find similar results with a robustness check that regresses changes in 

concentration over a decade on industry growth in that decade, fitted by 

industry growth in the past decade. This is done allay concerns that 

positive idiosyncratic shocks to large firms may lead to both increases in 

concentration and more industry output in a given period of time. 

Lashkari, D., Bauer, A., & 

Boussard, J. (2019). Information 

Technology and Returns to Scale. 

Banque de France Working Paper 

N. 737. 

- Is there a positive relationship between IT intensity and firm size?  

- Certain model parameters are calibrated to real world data to analyse the 

predictions of the model versus real world data. 

- The authors show a strong positive correlation between the IT intensity 

of firms and their size, at all levels of the size distribution. This motivates 

the model dynamics. 

- Large firms have a software intensity gap relative to the smallest firms of 

1 to 4 times depending on the measure. The relationship is robust to a 

number of measures of firm size (such as employees, value added, and 

number of manufacturing plants) and IT intensity. 
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Based on the above, there is evidence for: 

▪ a positive relationship between a firm’s fixed cost share and its intangible investment; 

▪ a positive relationship between markups and fixed costs/sales; 

▪ a positive relationship between intangible investment and concentration, as well as IT 

investment specifically and concentration; and 

▪ greater intangible intensity in production in the 2000s relative to the 1990s 

What has not yet been provided in the literature is/are: 

▪ a comprehensive analysis of how intangible intensity in production has evolved over a 

significant period of time; 

▪ the factors influencing changes in intangible intensity over time (increased 

digitalisation/growth in services, etc.); 

▪ evidence of the scalability of intangible capital leading to a higher average/marginal 

product for IT/intangible capital for larger firms (as per Crouzet et al. (2022) and 

Lashkari et al. (2019));  

▪ evidence for the scalability of intangible capital leading to greater returns to scale; and  

▪ evidence of intangible investment impacting the relative market power of larger and 

smaller firms, as evidenced by factors such as markups, profitability and productivity.  

The latter set of questions will therefore be a focus of the thesis.   

3.3 Estimating industry production functions  

Estimating markups, MFP and intangible output elasticities requires the estimation of industry 

production functions. A key issue in estimating these production functions is accounting for 

the bias created by unobserved productivity. Output will tend to increase in response to positive 

productivity shocks, and decline in response to negative shocks, creating an unobserved 

variable bias. This bias is likely to be stronger for more variable inputs which respond more 

quickly to shocks.  

We can divide the error term into two components when assessing the impact of unobserved 

productivity. We have an element that is known to the firm before input decisions are made in 

time t (ω) and an element that is not observed (η). Elements which are known to the firm could 

be factors such as managerial ability, or the strength of a brand. Elements which are not could 

be events such as a strike, or any other unexpected production disruption. Our explanatory 

variables can be divided into free variables (such as materials or labour) which are impacted 
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by the shocks, and state variables which are not (due to the fact that their allocation is 

determined in the period prior to time t). 

3.3.1 Traditional approaches 

Ackerberg et al. (2007) outline two approaches which have been used in response to the 

endogeneity. One solution is the use of instrumental variables (IVs). Input prices would appear 

to be good instruments as they will influence input usage and so be correlated with input use 

but do not appear in the production function. Whether they are correlated with ωjt will depend 

on the nature of the market. If it is perfectly competitive, the firm will have no influence on 

prices. However, if the firm has a degree of market power, input prices may be a function of 

quantity which will in turn be impacted by ωjt.  

In practice, input price IVs have not been successful as: 

1. Input prices may be difficult to come by, while labour wages may also reflect worker 

ability. This worker quality will enter the production function through ωjt. 

2. Often there is not enough variation in input prices across firms to get precise estimates. 

3. It assumes that the choice of inputs does not influence ωjt over time. 

4. This IV approach would not solve for the impact of entry and exit (say if higher input 

prices made exit more likely for some firms).  

The second traditional solution was fixed effects regressions. This removes all ωj that are 

constant over time. However, their success has also been limited because: 

1. The assumption of no variation over time is obviously a strong one (especially for large 

t). In addition, major environmental changes may impact firms with different ωj 

differently, with those being impacted positively more likely to increase input usage.  

2. If there are measurement errors in inputs, fixed effects may produce worse estimates 

than OLS, with lower signal to noise ratios.  

3. Their implementation has been disappointing in practice, with estimates of the capital 

coefficient often unfeasibly small (well below cost share and/or implying very low 

returns to scale).  

3.3.2 The Olley-Pakes approach 

The thesis employs a 2-stage estimation approach to account for unobserved productivity, 

following Olley and Pakes (2006), and refined by Ackerberg et al. (2006, 2015). A 

comprehensive overview of both methods can be found in Ackerberg et al. (2007), which is 

drawn on here.  
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The original Olley-Pakes formulation consisted of labour as the free variable (L), capital as the 

state variable (K) and an additional control in the form of firm age (A). Taking the logs of a 

Cobb Douglas production function (and using lowercases to denote the logged terms), we have, 

for each firm j in time t:  

                                                yjt = β0 + βkkjt + βaajt + βl ljt + ωjt + ηjt                                                                  3.9 

Investment is assumed to be a function of capital, the age of the plant and the unobserved 

productivity, known to the firm:  

                                                               ijt = it(kjt, ajt, ωjt )                                                       3.10 

At this point a key assumption of the model may be noted, i.e. that firms with higher ωjt 

optimally invest more, conditional on kjt and ajt. This assumption of strict monotonicity is 

intuitive in that a higher ωjt produces a higher marginal product of capital in future periods, 

thereby increasing investment demand. Given this assumption, we can invert the above 

equation so that the level of investment effectively indicates that the unobserved productivity 

term is: 

                                                              ωjt = ht(kjt, ajt, ijt )                                                       3.11 

Substituting into the production function gives us 

                                        yjt = β0 + βkkjt + βaajt + βl ljt + ht(kjt, ajt, ijt ) + ηjt                                                    3.12 

This equation is estimated non-parametrically in the first stage, with capital, age and investment 

terms combined and represented by Φt, a higher order polynomial in kjt, ajt and ijt with a full set 

of interactions which varies in each time period.  

Output of each firm in each time period is regressed on the firm’s quantity of labour and the 

estimate of Φt. Thus, the coefficient (β) for labour is estimated in the first stage. 

                                          yjt = βlljt + φt (kjt, ajt, ijt ) + ηjt                                              3.13 

The second stage parses the influence of known productivity on output and identifies the capital 

and age coefficients βk and βa. We have an estimate of 𝜔̂jt : 

                                                𝜔̂jt(β0, βk, βa) = 𝛷̂jt − β0 − βkkjt – βaajt                                  3.14  

This is decomposed into its conditional expectation given the information known by the firm 

at t − 1 (denote this by Ijt−1) and a residual, i.e. 

ωjt = E[ωjt |Ijt−1] + ξjt 

= E[ωjt |ωjt−1] + ξjt 
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                                                         = g(ωj t−1) + ξj t                                                   3.15  

The ξjt term can be thought of as the innovation in the ω process between t − 1 and t that is 

unexpected to firms. It is therefore uncorrelated with kit and ajt which are functions of the 

information in t-1. The production function is rewritten as  

yjt − βlljt = β0 + βkkjt + βaajt + ωjt + ηjt .         

and substituting in 3.14 and 3.15 above 

= β0 + βkkjt  + βaajt + g(ωjt−1) + ξjt + ηjt 

= β0 + βkkjt + βaajt + g(φjt−1 − β0 − βkkjt−1 − βaajt−1) + ξjt + ηjt 

                  = βkkj t + βaajt + g˜(φjt−1 − βkkjt−1 − βaajt−1) + ξjt + ηjt ,                      3.16  

Estimates of βl and φjt from the first stage, and polynomials are used to approximate g˜ in the 

equation above. Non-linear least squares are then used to obtain consistent estimates of βk and 

βa. 

3.3.3 The Wooldridge approach 

The Wooldridge approach combines both stages above into a single set of moments and 

estimates them in one step. This has the advantage that it should be more efficient, as it utilises 

the information in the covariances of the disturbances, and any cross-equation restrictions. The 

moment condition is 

                                                          3.17   

where f1 and f2 are vector valued instrument functions, and ⊗ is the Kronecker product 

operator. 

3.3.4 The Levinsohn and Petrin & Ackerberg, Caves and Frazer approaches 

Two key issues potentially arise with the above. The first is that data on investment may be 

zero for some firms, calling the inversion assumption of ω and investment into question and 

resulting in potentially important data and estimation efficiency loss. Levinsohn and Petrin 

(2003) propose an alternative method with a production function which includes materials and 

where ωjt is a function of capital and materials. They then apply the inversion process to 

materials instead of investment, and estimate the production function in a similar manner to 

Olley-Pakes.  

ηjt ⊗ f1(kjt, ajt, ijt , ljt)

(ξjt + ηjt ) ⊗ f2(kjt, ajt, kjt−1, ajt−1, ijt−1)
= 0[ ] E
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The second potential issue is the assumption that the choice of labour has no dynamic 

implications. If there are hiring and firing costs, or any other rigidities, then labour may be at 

least partly determined in period t – 1, and become a state variable. Therefore 

                                                          ωj t = ht (kjt , ljt, ajt, ijt ).                                                   3.18 

This would mean we cannot identify labour in the first stage, as we could not separate its impact 

on production (βl), from its impact on the h(.) function. However, Ackerberg, Caves and Fraser 

(2004) show that βl can still be identified in the second stage. We still need to estimate a first 

stage however as we need to separate the influence of the known unobserved productivity term, 

ωjt , from the unknown term ηjt. The fitted values of output provide our estimate of Φt, and 

separate the unknown productivity shocks (or any measurement error) from the observed 

output.  

The second stage equation now becomes 

                     yjt = βl ljt + βkkjt + βaajt + 𝑔̃(φjt−1 − βl ljt−1 − βkkjt−1 − βaajt−1) + ξj t  + ηjt .                 3.19 

After substituting φˆjt−1 for φjt−1, we can estimate the production function parameters using a 

semiparametric GMM procedure related to this equation.  

If we retain the remaining Olley-Pakes assumptions, we can distinguish ljt from kjt due to the 

fact that that labour can adjust to within-period variation in productivity. It also implies that ljt 

can be correlated with ξjt , so we need to instrument ljt with ljt−1. Since the firm decides on ljt−1 

at t − 1, it is uncorrelated with ξjt . In addition, ljt and ljt−1 tend to be highly correlated.  

3.3.5 Functional forms 

A feature of the Cobb-Douglas production function is that the output elasticity for each element 

is constant, and so all firms share the same output elasticities. This assumption, while 

restrictive, has its advantages when estimating markups. Since all firms within a given industry 

share the same output elasticity, the markup estimate (which is based on the output elasticity 

of the variable input) is robust to bias, subject to an industry fixed effect. The Cobb-Douglas 

production function is therefore widely used in the literature.    

While the Cobb-Douglas functional form has faced other criticisms (discussed in Section 

3.4.1), its use is considered suitable in estimating markups for the purposes of this thesis. A 

second use of the Cobb-Douglas production function is in addressing the impact of intangible 

assets on production dynamics. Here it could be argued that the parsimony of the constant 

output elasticity assumption is more problematic, given the interest of assessing changes in 

production technologies over time. The translog production function is more flexible and 
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allows for unique output elasticities for each firm. It is therefore used as a robustness check 

when assessing changes in production technologies over time in Chapter 6. The specific form 

employed is as follows: 

yjt =  βvvjt + βovovjt + βkkjt + βintintjt + βvvv
2

jt + βovovov2
jt + βkkk

2
jt + βintintint2

jt + βvovvjtovjt + 

βvkvjtkjt + βvintvjtintjt + βovkovjtkjt + βovintovjtintjt + βkintkjtintjt + ωjt + ηjt                                             3.20 

where the lowercase letters denote logs, y is sales, v is the variable input (cost of goods sold), 

ov is overhead (sales, general and administrative expenses), k is the cost of capital and int is 

the cost of intangible capital. Further details on these variables are provided in Chapter 6. The 

same 2-stage estimation approach to account for unobserved productivity is used when 

applying the translog specification.  

Multifactor productivity for each firm is calculated as the residual from the respective Cobb-

Douglas and translog industry production functions.   

3.4 Estimating markups 

The markup for a given firm is defined as the ratio of price to marginal cost (P/MC). In a world 

of perfect competition, the firm faces a perfectly elastic residual demand curve, and cannot 

influence price. Price is equal to marginal cost, and the firm has no market power. In 

circumstances where the firm faces a downward sloping demand curve it has some influence 

over price. The steeper the residual demand curve, the greater the influence. This will create a 

wedge between price and marginal cost, with the extent of that wedge dictated by the firm’s 

influence/market power.  

Despite their theoretical significance, markups are not a perfect measure of market power. 

Accurately measuring marginal costs is difficult. The method employed in the study requires 

the estimation of production functions, which are subject to bias from unobserved productivity. 

In addition, markups may reflect more than pure market power. For example, they may reflect 

returns to overhead or fixed costs, such as brand, intellectual property or other intangible 

investments. Nevertheless, measuring changes in aggregate markups should give an indication 

of how market power is evolving.2   

 

2 High markups may also be due to high levels of fixed costs, and increases in markups can reflect growing fixed 

costs. The impact of increases in fixed costs would also be reflected in profitability however, and this is another 

reason why the thesis examines trends in profitability as well as markups when assessing changes in market power. 

The thesis takes a closer look at the influence of fixed costs in Chapter 6.    
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Firm-level markups are estimated according to the method developed by Hall (1988) and De 

Loecker and Warzynski (2012). A key assumption in the De Loecker and Warzynski method 

is that there is at least one variable input that can be adjusted in each period, but there are 

frictions associated with the capital inputs and any fixed costs. Each firm is assumed to 

minimise costs with respect to the variable inputs, and the cost minimising condition is given 

by: 

                                                       
𝜕𝐿𝑖𝑡

𝜕𝑉𝑖𝑡
 = 𝑃𝑖𝑡

𝑉  - λit
𝜕𝑄(.)

𝜕𝑉𝑖𝑡
 = 0,                                                       3.21 

where L is the Lagrangian function, V is the variable input, Q is quantity and P is price for firm 

i in time t. Each term is then multiplied by Vit/Qit and rearranged to give the input elasticity of 

the variable input free of adjustment cost: 

𝜃𝑖𝑡
𝑣  ≡  

𝜕𝑄(.)

𝜕𝑉𝑖𝑡
 
𝑉𝑖𝑡

𝑄𝑖𝑡
 = 

1

𝜆𝑖𝑡

𝑃𝑖𝑡
𝑉 𝑉𝑖𝑡

𝑄𝑖𝑡
.                                                    3.22 

The Lagrange multiplier gives us a measure of marginal cost, and defining the markup as μ = 

P/λ, we can substitute the marginal cost to price ratio in 3.13 to give: 

                                                                      μit =  𝜃𝑖𝑡
𝑣 𝑃𝑖𝑡𝑄𝑖𝑡

𝑃𝑖𝑡
𝑉 𝑉𝑖𝑡

.                                                             3.23 

The higher the value of μ, the greater the wedge between price and marginal cost, and the 

greater the market power, all else equal. All that is needed for an estimate of markups is 

therefore the output elasticity with respect to a variable input, and that input’s share in total 

revenue.  

The 2-stage estimation approach developed by Ackerberg et al. (2015), and outlined in Section 

3.3.4 (henceforth referred to as the ACF approach) is used to account for unobserved 

productivity. The coefficient values from the first stage OLS regressions are used as the starting 

points for the second stage regressions.  

3.4.1 Criticisms of the approach 

The above approach has been used extensively in estimating production functions and markups.  

However, recently two primary criticisms have been levelled against the approach. The first is 

that, under circumstances of imperfect competition, output can only be purged from 

measurement error and idiosyncratic productivity shocks if researchers observe markups and 

use them as a control in the first stage of the ACF procedure (Doraszelski and Jaumandreu 
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2019; Brand 2020). Given that estimation of markups is often the motivation in the first place, 

this is obviously an issue.  

The second criticism is that firms with pricing power that wish to expand output must lower 

their prices in order to do so. This creates a downward bias on the production function 

coefficients when using revenue data to measure output. This downward bias may be 

particularly severe on capital coefficients, given that they are less responsive to output in the 

short run. Bond et al. (2021) claim that this downward bias may be severe enough to question 

the validity of the output elasticities, and the markup estimates based on them.  

De Ridder et al. (2022) address both concerns by examining potential biases using simulation 

data from a quantitative model and firm-level administrative production and pricing data. They 

first use the simulated data to assess differences between estimated and true values for both 

output elasticities and markups. They use a translog production function and three estimation 

methods. The first has a ‘full first stage’ where the log of price and the firms’ market shares 

are used as proxies to control for markups in the first stage of the ACF process above. They 

also use a ‘basic first stage’ without the price and market share controls, and a third which has 

no first stage whatsoever.  

They find that production function elasticities and markups are estimated with precision when 

using both the full first stage and basic first stage methods with quantity data. However, not 

implementing a first stage has a detrimental impact, which is magnified when revenue data is 

used. Specifically, the unidentified measurement error causes an overestimation of the output 

elasticity of the variable input, and an underestimation of the capital input (which is particularly 

severe when using revenue data, as would be expected). 

Using revenue data and the full and basic first stage results in markup estimates which are 

biased upwards due to an overestimation of the variable input (though not to the same extent 

as with no first stage). However, the authors found that the estimated markups are highly 

correlated with the true markup values.  

They also analyse differences in markup estimates using French administrative data where they 

have both revenue and quantity data. While there is no way of knowing the true values of the 

markups, they do find strong correlations between revenue and quantity-based markups. 

Importantly, they find that the Spearman rank correlations are without exception larger than 

the Pearson correlations. This means that the rank between industries is extremely well 

preserved, and so analyses focusing on markup rank (for example, firms in digital intensive 
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industries versus less digital intensive industries) are more likely to be robust to biases in 

production function estimation than those focusing on markup level.   

Finally, they examine the use of using a Cobb-Douglas specification in contrast to the translog 

specification used in their core results. They find that Cobb-Douglas estimates typically capture 

the average of true markups, but overestimate their dispersion.         

The authors conclude that if the researcher is interested in the precise level of markups, then 

quantity data is preferred. However, revenue-based data is informative of dispersion, and may 

therefore be useful when analysing variation across firms or trends over time.    

3.5 Measure of firm size 

A number of variables have been used to measure firm size, including the number of 

employees, the level of sales, the level of value added, the book value of assets and the level 

of market capitalisation. No measure is perfect, and all have advantages and disadvantages. 

The thesis uses the number of employees as its standard measure of firm size for a number of 

reasons.  

Firstly, this data is available across a number of data sources, and allows for a standardised 

measure of firm size that does not rely on a nominal unit of measurement (such as dollars or 

euro). Secondly, measures such as sales, value added, and particularly market capitalisation, 

can vary for reasons that have little to do with the ‘mass’ of the firm. For example, stock market 

fluctuations can cause substantial swings in market capitalisation that are unrelated to the scale 

of the firm. In addition, firms in different industry sectors can have very different ratios of 

value added to sales, that make the level of sales a problematic indicator of scale. Using value 

added obviously overcomes this issue, but this metric is not available in all data sources (most 

notably Compustat).     

Thirdly, and perhaps most importantly, it is reasonable to assume that many of the main 

advantages and disadvantages of scale are most strongly correlated with the number of 

employees. For example, dealing with greater complexity is a standard textbook diseconomy 

of scale, and the managing more and more people requires greater managerial effort and dealing 

with ever greater levels of complexity, all else equal. Greater numbers of employees can also 

provide for many of the traditionally cited sources of economies of scale however, such as 

greater specialisation. Greater specialisation can provide important managerial and technical 

skills that are highly complementary to digital investments, as discussed in Section 2.4.2.       
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3.6 Conclusions 

Many models of intangible capital emphasise the relatively high fixed cost and low marginal 

cost nature of intangible investments, which is a consequence of their inherent scalability. This 

has been liked to a number of macro phenomena, such as higher markups, increased 

concentration and declining labour share. Digital assets can be particularly scalable given the 

ease with which they can be stored, copied and distributed, and this can potentially lead to zero 

marginal costs of production and distribution. If zero marginal costs are present for some digital 

inputs, then scale can become a determining factor in profitability, even if all firms have access 

to the same technology and face the same prices/markups. Crouzet et al. (2022) present a model 

that shows how intangible capital and the scope of implementation are complements, with 

increasing degrees of non-rivalry of an intangible input giving rise to increasing returns to scale 

and optimal firm size.  

Empirical evidence on the predictions of intangible models show that intangible investments 

are positively related to a firm’s fixed cost share and markup, and are also associated with 

increased industry concentration. Many questions remain unanswered however, including the 

factors associated with changing in intangible intensity, evidence for increasing marginal 

product for IT/intangible capital for larger firms, and evidence for intangible investment 

impacting the relative profitability of large and small firms.  

Addressing these questions requires estimates of markups, MFP and intangible output 

elasticities, which in turn requires the estimation of industry level production functions. These 

can be subject to considerable biases, requiring the use of a number of 2-stage estimation 

techniques in which endogeneity between input usage and unobserved productivity is 

accounted for. These are used to generate the markups and MFP estimates in Chapter 5, and 

the estimates of intangible output elasticities in Chapter 6.   
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Chapter 4 Data 

4.1 Introduction 

This chapter describes the main data sources and the methods used to clean the data. Given the 

long timelines involved, a key aspect is the deflation of the data. Considerable care and 

attention were provided to deflating the data with the most appropriate and granular deflators 

possible, given the importance of obtaining high quality data when estimating the production 

functions.   

As with the previous chapter, this chapter outlines key aspects of the data that are used 

throughout the thesis. Specific aspects that are relevant to individual chapters are described in 

those chapters.   

4.2 Primary data sources 

There are two primary sources of firm-level data for the thesis, each of which have particular 

advantages and disadvantages which lend them to specific research questions. This section 

discusses these advantages and disadvantages, and outlines how each is suitable for specific 

research questions. Details on the data and the cleaning procedures used to address individual 

research questions are outlined in the relevant chapters.   

4.2.1 The Orbis database 

The first data source is the Orbis® database, which is owned by Bureau Van Dyke (BVD)3. 

The specific dataset used in the study was obtained from the OECD, and has been through an 

extensive cleaning process, as outlined in Gal (2013) and Bajgar et al. (2020). The Orbis 

database is extremely wide, with the final cleaned dataset used in this study containing almost 

2.3 million observations from firms across 26 countries4 from 1999 - 2014. Orbis contains large 

numbers of privately owned firms, and while smaller and younger firms tend to be 

underrepresented (especially in services sectors), the extent of the bias is much less severe than 

some other databases that are primarily based on publicly listed firms.  

The coverage of the Orbis database varies by country. Gal (2013) compares the coverage of 

Orbis to administrative data, and finds that that for some countries, such as Belgium, Estonia, 

Finland, and Sweden, “the structure and coverage of ORBIS is close to that of the true 

 
3 https://www.bvdinfo.com/en-gb/our-products/data/international/orbis. 

4 
Australia, Austria, Belgium, Bulgaria, Denmark, Estonia, France, Finland, Hungary, Germany, Indonesia, India, 

Ireland, Italy, Japan, Republic of Korea, Luxembourg, the Netherlands, Portugal, Romania, Slovenia, Spain, 

Sweden, Turkey, the United Kingdom, and the United States. 

https://www.bvdinfo.com/en-gb/our-products/data/international/orbis
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population of firms” (ibid, p.12). Coverage for Spain and France is also very comprehensive. 

In other cases, such as the US and Germany, coverage is far less complete. 

Nevertheless, when taken as a whole, the Orbis database contains a reasonably representative 

sample of firms across a range of firm sizes. This makes the database well suited to addressing 

issues of returns to scale and market power. For some countries, data on firms of less than 20 

employees is relatively scarce, and so firms of less than 20 employees are excluded from the 

research in order to ensure comparability across countries. A breakdown of the number of firms 

across four size categories is provided below. It includes the frequencies for the full sample 

(columns 3 and 4) and a sub-sample of Belgium, Estonia, Finland, and Sweden. We can see 

that the proportions of firms in each size group for the full sample is similar to the sub-sample 

(which we know is highly representative of the overall population in those countries). 

Therefore, while coverage by size class above the 20-employee threshold does vary somewhat 

by country, we can see that in the aggregate the proportions are very similar to the countries 

for which comprehensive data is available.     

Table 4-1 Number of firms by size group in the final Orbis sample 

      Full Sample  Bel., Est., Fin. & Swe. 

Size Group Employees   Frequency Percent   Frequency Percent 

1 20 - 49  1,126,855 49.3  98,822 50.8 

2 49 - 499  1,049,177 45.9  88,080 45.3 

3 500 - 4,999  101,942 4.5  7,158 3.7 

4 5,000 +  7,610 0.3  371 0.2 

      2,285,584 100   194,431 100 

 Source: author’s estimates based on Orbis data. 

The database also has certain disadvantages, however. The primary disadvantage when 

addressing issues of digitalisation and market power is the lack of firm-level data on digital 

and other intangible assets. As outlined in Gal (2013), intangible assets are poorly represented 

in Orbis, and therefore only tangible assets are used. This precludes a firm-level analysis of the 

impact on intangible assets on market power when using Orbis data. Instead, data from the 

Compustat database is used to address this issue.  

4.2.2 The Compustat database  

The Compustat® database provides comprehensive financial, statistical and market 

information for North American firms going back to 1950, and data for international firms from 

1988. While the level of information available is more extensive than Orbis, the breadth is 
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considerably smaller as the database is overwhelmingly made up of publicly listed firms. This 

means that smaller firms are drastically underrepresented in Compustat.  

The primary advantage of Compustat is the depth of financial information available for each 

firm. In contrast to Orbis, it has much more comprehensive information on the book value of 

intangible assets. It also contains information on sales, general and administrative expenses, 

which can be used to generate more comprehensive estimates of intangible assets (as outlined 

in Section 6.4.2). This makes the dataset suitable for addressing issues regarding the interplay 

of intangible assets, scale and market power.  

While Compustat cannot be considered in any way representative of the underlying population 

of firms in the US (meaning that questions of returns to scale are more difficult to address in a 

comprehensive manner), it does contain enough variation in firm size to carry out meaningful 

analysis. For example, while acknowledging that smaller publicly listed firms are likely to be 

different in character to non-listed firms, it is possible to examine how size impacts outcomes 

between smaller publicly listed firms and larger publicly listed firms. Information for the four 

size categories in the final Compustat sample is provided below (note that five categories are 

used in the analysis in Chapter 6 due to a higher proportion of large firms, but four are used in 

Table 4-2 for comparability with the Orbis data).      

Table 4-2 Number of firms by size group in the final Compustat sample 

Size Group Employees   Frequency Percent 

1 20 - 49  4,725 5.3 

2 49 - 499  29,580 33.3 

3 500 - 4,999  31,457 35.4 

4 5,000 +  23,116 26.0 

      88,878 100 

Source: author’s estimates based on Compustat data. 

A second feature of the Compustat data is that it consists primarily of firms in the US, and so 

it does not have the degree of international coverage provided by Orbis. This is certainly a 

limitation, as the trends evident in the US cannot simply be assumed to be evident elsewhere. 

However, the data is considered to be suitable to the task at hand, as it used to examine how 

changing patterns of digital and other intangible investments are impacting production trends 

and competition. Given that the US is among the most intangible intensive economies in the 

world (see, for example, Corrado et al. (2016)) the trends evident there could be expected to be 

similar to those of other intangible intensive economies, and indeed those economies that will 

become more intangible intensive in the future. 
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4.3 Deflating the Compustat data 

As outlined in the previous section, the Orbis data was obtained from the OECD and was 

deflated with country specific deflators as outlined in Gal (2013). The Compustat data is in 

nominal terms however, and so all financial data must be deflated with appropriate deflators. 

Deflators for gross output, labour costs and intermediates were obtained from the Bureau of 

Economic Analysis (BEA), while deflators for fixed capital were taken from OECD STAN. A 

principle was adopted whereby the most granular deflator available was used for each variable.  

4.3.1 Gross output 

The BEA provides three levels of detail for gross output for data from 1997 on: summary level 

(102 unique deflators); underlying summary level (245 deflators); and detailed level (486 

deflators). These deflators correspond to industries at various levels of granularity. For 

example, the summary level has deflators which correspond to industries at the 2, 3 and 4-digit 

levels in the NAICS system. When all of the deflators are combined, we have 564 unique 

deflators at various levels of aggregation.    

These deflators are then matched with the appropriate firms in the Compustat data using the 

NAICS codes corresponding to each deflator. The NAICS codes in Compustat are purely 

numeric, whereas some NAICS codes also contain letters. For example, the BEA gives a 

deflator for “Motor vehicles, bodies and trailers, and parts” which corresponds to NAICS code 

3361MV. A 3361 code will not identify all companies under this code, as one category under 

this heading is classified as 3362BP (which is in turn made up of codes beginning with 3362 

and 3363). Therefore, the deflator is matched to three possible codes – 3361, 3362 and 3363.  

There are cases where different NAICS codes have common deflators (for example different 

4-digit codes can have the same 3-digit code in common), but two separate deflators cannot 

refer to the same NAICS code. In a small number of cases there were multiple 5 or 6-digit 

codes with either 3 or 4 digits in common, but no corresponding 3 or 4-digit deflator. In these 

cases, the codes with the digits in common were combined using weights corresponding to 

their respective shares of gross output in that year.  

About 83% of Compustat observations have a six-digit code, though there are some companies 

with 5, 4, 3 and even 2-digit codes. The latter are generally larger companies spanning multiple 

areas (for example Kraft is 311 – Food Manufacturing).  

The first step is therefore to link all of the 2 – 6-digit codes with their equivalent deflators. Of 

the 564 deflators, 326 correspond to one of the unique NAICS codes in the Compustat data. 

This will not match all codes however, as there are 1,436 unique NAICS codes in the 
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Compustat database; 1,127 of these are at the 6-digit level. The approach taken in the thesis 

involved shortening the 6-digit codes to the lowest level of aggregation where a match can be 

found. The first 5 of the 6 digits were mapped to one of the 125 5-digit deflator codes, which 

matched a further 20 codes.  

The Compustat codes were then shortened to their first 4 digits, leaving 415 unique codes. 

These codes were mapped to the relevant deflators at the 2, 3 and 4-digit level, using the highest 

degree of granularity possible. For example, if the code had 4 digits, it would be matched with 

its corresponding 3-digit code if no code existed with a deflator at the 4-digit level. When the 

process was complete, there were approximately 400 unique gross output deflators, depending 

on the year (some deflators did not appear in the final data set as they were from excluded 

industries such as utilities and construction).   

For gross output data pre-1997, only summary level deflators are available. Two data sets were 

therefore created for the Compustat data – one for 1997 – 2019 using all three sets of deflators, 

and another series for 1970 – 2019 using gross output deflators at the summary level only. The 

1970 – 2019 data therefore has less unique deflators, with 60 – 67 unique deflators depending 

on the year.     

4.3.2 Data with no NAICS Code 

No NAICS code was provided for about 10% of the Compustat observations. Each observation 

did have an SIC code however, and so the (older) SIC codes were matched to appropriate AICS 

Codes using the ‘SIC to NAICS Crosswalk’ from www.naics.com5.   

Some SIC codes could refer to multiple NAICS codes. Where each of these codes had a 

common higher-level deflator, the most granular higher-level deflator was used. For example, 

SIC code 119 (Cash Grains, Nec) could refer to any of the 6 NAICS codes from 111120 – 

111199. The code was therefore matched to NAICS code 1111.  

In some cases the SIC code could refer to multiple NAICS codes, at least some of which did 

not have a more granular 3 or 4-digit code in common. The same procedures used when 

matching NAICS and NACE codes were employed in these cases (see Section 4.3.7, Mapping 

NAICS and NACE/ISIC codes below).  

 
5 Some of the Compustat codes did not appear on this list, and the additional industries were identified from a list 

provided by the SEC (https://www.sec.gov/info/edgar/siccodes.htm). These could then be matched to NAICS 

codes by the process described above. 

http://www.naics.com/
https://www.sec.gov/info/edgar/siccodes.htm
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A small number of codes present in Compustat (4888, 6020, 6797, 8400 and 9997) were not 

identified in either the NAICS or SIC lists, so these codes were not matched to a deflator. 

The NAICS codes in the SIC-NAICS code pairs were shortened to a maximum of 4-digits. 

There were 21 additional unique 4-digit NAICS codes to add to the 415 above. These were 

then matched with appropriate deflators, per the process above.   

4.3.3 Labour cost deflators 

The BEA provides data on labour compensation as well as a labour quantity index for 63 

industry segments (at the 2, 3 and 4-digit level). Separate data is available for college and non-

college educated labour. The labour compensation data is divided by the labour quantity indices 

to arrive at a series of labour price deflators for both college and non-college educated labour. 

It is then rebased with 2012 equal to 100 in order to match the other deflators. The two indices 

are then combined into one overall labour price index by weighting the college and non-college 

educated indices by their shares of total labour compensation.  

Each of the 63 deflators are then matched to the Compustat data using the same process outlined 

above. In a small number of cases there are no deflators at the 2-digit level. Where this occurs, 

a 2-digit deflator is created by combining deflators at lower levels of granularity, weighted by 

their shares of gross output. For example, no wage and quantity data are provided for 

Agriculture, Forestry, Fishing, and Hunting (NAICS 11). However, we have two deflators for 

the sub-indices of Farms (111CA) and Forestry, Fishing, and Related Activities (113FF). These 

indices are combined using their respective shares of gross output in each individual year to 

provide a deflator for NAICS 11.   

The labour deflator data begins in 1987, and the years before are proxied by the corresponding 

intermediates deflator. The average correlation between the intermediates deflators and the 

labour cost deflators is 0.90 for the years after 1987 (standard deviation 0.12). This is higher 

than the average correlation with the output deflator (0.81), and so the intermediates deflator 

is preferred.  

4.3.4 Intermediate cost deflators 

Deflators for intermediates are available at the Underlying Summary Level from 1997 onward. 

Before 1997 deflators are only available at the Summary level. Furthermore, some deflators at 

the Summary level are only available from 1998 on. Where this is the case, the deflator was 

matched to a higher-level deflator in order to provide a continuous series going back to the 

1960s. 
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There are therefore two sets of deflators/data (as with gross output) – one for 1970 – 2019, and 

a second data set with more detailed deflators from 1997 – 2019.  

4.3.5 Creating opex and intangible deflators 

Opex 

Each firm’s operating expenses (COGS and SG&A) are made up of intermediate costs (such 

as energy, materials and services) and labour costs. Compustat does not provide separate data 

for materials and labour costs, and so BEA KLEMS data is used to calculate the proportion of 

intermediate and labour costs by industry. The BEA KLEMS data provides data on 

compensation to energy, materials and services, as well as college and non-college labour for 

63 industries from 1987 to 2019. The intermediate and labour cost deflators are then weighted 

in these proportions, with separate weights calculated for each of the 63 industry categories in 

each year.    

For years before 1987 no separate labour deflators are available. As noted above, the labour 

deflators are proxied by the corresponding intermediate deflator. The Opex deflator is therefore 

the same as the intermediates deflator for the years before 1987.    

Intangibles 

The inputs to the creation of intangible assets will be a combination of labour, materials and 

services. Unfortunately, there is no way of knowing the proportions for individual firms. The 

intangible deflator was therefore created by averaging the relevant labour and intermediate 

deflators for each industry.    

4.3.6 Deflating fixed capital 

Deflators for fixed capital by industry were obtained from the OECD STAN database. The 

industries are classified according to the NACE classification system, and so each deflator was 

matched to the relevant NAICS industry code. A conversion table provided by Eurostat was 

used for the matching process, with further details below.  

In some cases, a two-digit NAICS deflator could refer to more than one two-digit NACE 

deflator. For example, NAICS 21 (Mining) could refer to NACE 5, 6, 7, 8 or 9. Some of these 

deflators could be matched to a higher-level NACE deflator. For instance, in the case above, 

NAICS 21 corresponds to NACE D05T09 (Mining and quarrying). Where no such higher-level 

deflator existed, a weighted average of the matching industry deflators is used, with separate 

weights for each year based on the nominal gross output of the relevant industries.     
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4.3.7 Mapping NAICS and NACE/ISIC codes 

NAICS codes from Compustat (mainly at the 6-digit level) were mapped to 2-digit NACE Rev 

2 codes using mappings from Eurostat6. Most codes were from NAICS 2017, but some were 

from earlier iterations, and appropriate mappings were added for these earlier codes.  

In some cases, there was more than one potential mapping and judgement was used to eliminate 

conflicts. Considerations used were: 

1) The similarity of the names from the NAICS to ISIC/NACE mapping. In the example 

below, the mapping to ISIC/NACE 5 was removed.   

211130 Natural Gas Extraction * 5 510 Mining of hard coal 

211130 Natural Gas Extraction   6 620 Extraction of natural gas 

 

2) If there were three or more mappings of a NAICS code to an ISIC/NACE, and all but 

one referred to the same 2-digit ISIC/NACE code, then the code with the majority of 

the mappings was used. See the example below where ISIC/NACE 3 was removed.  

111419 Other Food Crops Grown 

Under Cover 

* 1 113 Growing of vegetables 

and melons, roots and 

tubers 

111419 Other Food Crops Grown 

Under Cover 

* 1 122 Growing of tropical and 

subtropical fruits 

111419 Other Food Crops Grown 

Under Cover 

* 1 128 Growing of spices, 

aromatic, drug and 

pharmaceutical crops 

111419 Other Food Crops Grown 

Under Cover 

* 3 322 Freshwater aquaculture 

 

3) If there were two mappings and the decision was not obvious based on the names, then 

the code which fitted most closely with the surrounding ISIC/NACE codes was used. 

For example, in the case below for ISIC code 325992, the surrounding codes (325991 

and 325998) both referred to SIC/NACE 2-digit code 20. Therefore, the mapping to 

code 20 was retained and the mapping to 28 was dropped.  

 
6 

https://ec.europa.eu/eurostat/ramon/relations/index.cfm?TargetUrl=LST_REL&StrLanguageCode=EN&IntCurr

entPage=11  

https://ec.europa.eu/eurostat/ramon/relations/index.cfm?TargetUrl=LST_REL&StrLanguageCode=EN&IntCurrentPage=11
https://ec.europa.eu/eurostat/ramon/relations/index.cfm?TargetUrl=LST_REL&StrLanguageCode=EN&IntCurrentPage=11
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325991 Custom Compounding of 

Purchased Resins 

20 2013 Manufacture of plastics 

and synthetic rubber in 

primary forms 

325992 Photographic Film, Paper, 

Plate, and Chemical 

Manufacturing 

20 2029 Manufacture of other 

chemical products n.e.c. 

325992 Photographic Film, Paper, 

Plate, and Chemical 

Manufacturing 

28 2817 Manufacture of office 

machinery and 

equipment (except 

computers and 

peripheral equipment) 

325998 All Other Miscellaneous 

Chemical Product and 

Preparation Manufacturing 

20 2011 Manufacture of basic 

chemicals 

 

4) NAICS distinguishes stores by whether they are involved in retail or repair. Where such 

conflicts arose, the stores were classified as retail, under the assumption that the 

majority of business for these stores is retail rather than repair.    

Approximately 45,000 of the c. 720,000 Compustat observations did not have NAICS codes, 

but did have SIC codes. Only 3 SIC codes appeared after 1985 – 5944, 6722 and 6726. These 

were mapped to NAICS codes 448310, 525910 and 525990 respectively, which in turn were 

mapped to NACE codes 95, 64 and 64.   

4.4 Use of economic cycles 

The data was split into economic cycles for the purposes of estimating production functions. 

This allows for any changes in production technology between the cycles to be assessed and 

accounted for, while keeping a reasonable span of time to analyse changes in MFP with a 

common production technology.  

The cycles are defined following the NBER business cycle dating committee, and are measured 

from peak to peak. If the first peak occurs in the first half of the year it is assigned to that 

calendar year (since the data in Compustat is annual). If it occurs in the third or fourth quarter, 

it is assigned to the following year; so a cycle beginning in Q4 1969 is given a start year of 

1970. 

The cycles are as follows:  
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Table 4-3 Economic cycles according to the NBER  

Economic Cycles (NBER) 

Cycle 1 1970 – 1973 

Cycle 2 1974 – 1979 

Cycle 3 1980 – 1981 

Cycle 4 1982 – 1990 

Cycle 5 1991 – 2000 

Cycle 6 2001 – 2007 

Cycle 7 2008 – 2020 

Source: National Bureau of Economic Research. 

4.5 Conclusions 

There are two primary data sources for firm-level financial data, each with their advantages 

and disadvantages. Orbis contains large numbers of privately owned firms, and the 

underrepresentation of smaller and younger firms is much less severe than some other 

databases that are primarily based on publicly listed firms. This makes it suitable for addressing 

questions of returns to scale and how market power changes with firm size. However, it does 

not have data on digital and other intangible assets, precluding a firm-level analysis of the 

impact on intangible assets on market power. Compustat on the other hand has data on sales, 

general and administrative expenses, which can be used to generate estimates of intangible 

assets. While it consists primarily of publicly listed firms in the US, it does contain enough 

variation in firm size to carry out meaningful analysis.  

The Compustat data was then put through a comprehensive process to deflate the data. 

Deflators for gross output, labour costs and intermediates were obtained from the BEA, while 

deflators for fixed capital were taken from OECD STAN. A principle was adopted whereby 

the most granular deflator available was used for each variable, resulting in the large number 

of deflators for gross output in particular.   
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Chapter 5 Scale, Market Power and Competition in a Digital World: Is 

Bigger Better? 

5.1 Introduction 

Chapter 5 examines if systematic shifts are evident in the relative market power and 

competitiveness of smaller and larger firms (where ‘small and ‘large’ size groups are set out in 

Section 5.6.1). It also assesses if digital technologies are playing a role in these trends by 

looking at how patterns of markups and MFP evolve, and how these patterns differ between 

industries categorised as ‘digital intensive’ and ‘less digital intensive’. 

Markups are a key – although imperfect – indicator of market power, and if digital technologies 

have a heterogeneous impact across firms of different sizes, then differences in markups by 

firm size may reveal changing competitive dynamics. If those changes are consistent with 

patterns of productivity across firms of different sizes, it may point to an explanatory role for 

digital technologies. In that context, this study examines how firm size and digitalisation are 

related to markups and productivity in order to identify the size/markup/productivity 

(dis)advantages of a digital world. 

The chapter is structured as follows. Section 5.2 provides a brief overview of relevant research, 

focusing on studies not covered in detail in Chapter 2. Section 5.3 outlines the research 

questions and Section 5.4 sets out the estimation framework, while Section 5.5 describes the 

data and some of the key variables. Sections 5.6 to 5.9 set out the results and Sections 5.10 and 

5.11 provide answers to the research questions, while Section 5.12 concludes.  

5.2 Previous research 

5.2.1 The markups literature 

Section 2.2.5 provided an overview of the extensive literature on markups. To summarise 

briefly, markups have been increasing, though not in a uniform manner. The increase is 

predominantly in advanced economies, and driven by firms in the top deciles of the markup 

distribution. Two aspects of the markup literature are particularly relevant for this chapter. The 

first is the relationship between markups and firm size, and the second between markups and 

digitalisation. Each is considered in the sections that follow.  

5.2.1.1 Markups and firm size 

De Loecker and Eeckhout (2017) found that markups are positively related to size within 

narrowly defined (4-digit) industries. Hall (2018) found ‘moderately strong evidence’ that 
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markups grew in sectors with rising mega-firm intensity. In addition, Raval (2020) found a 

positive relationship between markups and size, as well as exports and profit shares. Finally, 

Díez et al. (2021) found a non-monotonic relationship between markups and size, with markups 

initially decreasing, but then rising for larger firms. The turning point was for firms of roughly 

900 employees (when using that metric as the measure of size).  

5.2.1.2 Markups and digitalisation 

As outlined in Calligaris et al. (2018), there is no a priori expectation for the impact of digital 

technologies on markups and market power. On the one hand, digital technologies can provide 

for greater market access, reduced search costs, easier information sharing and access to a wider 

range of both customers and suppliers. This has the potential to reduce entry costs, and all else 

equal, lower markups. However, as outlined in Section 2.4, there are also a number of reasons 

to believe that digital technologies favour larger firms, potentially granting those firms greater 

market power. 

To summarise briefly, digital technologies and other intangible assets may impact firms of 

different sizes in a heterogenous manner due to: 

▪ the scalability of digital assets; 

▪ the complementarity of digital and other intangible assets (particularly technical and 

managerial skills which are more likely to be found in larger firms); 

▪ the potential for digital technologies to reduce coordination costs and promote scale 

economies; 

▪ the potential for digital technologies to facilitate greater automation; and  

▪ network effects often associated with highly digitalised markets.  

Each of these factors may bring greater benefits to larger firms, ultimately being reflected in 

higher market power and markups. In addition, digital technologies may be protected by 

intellectual property rights, limiting diffusion and providing for higher markups (Calligaris et 

al. 2018). As patents tend to be highly concentrated in large multinational firms, this may foster 

a relationship between size and markups. 

Calligaris et al. (2018) find that firms in digital intensive industries have considerably higher 

markups, and what is more, this difference has increased over time. The gap stood at 13 – 14% 

(depending on the specification) in the 2001 – 2003 period and 16 – 21% in 2013 – 2014.  
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5.2.2 The productivity literature 

The literature has shown a consistently strong relationship between size and productivity. 

Berlingieri, Calligaris and Criscuolo, 2018a, 2018b) provide perhaps the most comprehensive 

review in recent years using OECD MultiProd data.7 They find a very strong and positive 

relationship between size and productivity in the manufacturing sector, in common with a 

number of other studies such as van Ark and Monnikhof (1996) and Bartelsman et al. (2013). 

The more novel findings however concern the service sector, where they find that the 

productivity-size relationship is not as strong. They do not find a significant step-up with size 

for labour productivity, though it is evident for MFP (albeit not to the same extent as 

manufacturing). They do, however, find a very strong link between wages and productivity in 

the services sector. 

5.2.2.1 Digitalisation and productivity 

Turning to the relationship between digitalisation and productivity, we can say that after a 

famously slow start, a strong and positive relationship has now been established. In 1996 

Brynjolfsson and Hitt concluded that the ‘productivity paradox’ noted by Robert Solow had 

disappeared. They found that information system spending made a substantial and statistically 

significant contribution to firm output in their sample of firms from 1987 - 1991, with a gross 

return on investment of 81%. They stated that the reasons for positive findings versus previous 

studies were due to more comprehensive and firm-level data, as well as a later time period.  

More recently, Gal et al. (2019) found robust evidence that digital adoption at the industry level 

is associated with productivity gains at the firm level. The effects are stronger in manufacturing 

and routine-intensive activities. They are also stronger for more productive firms, but weaker 

in the presence of skill shortages, which point to complementarities between digital 

technologies, human capital and other forms of intangible capital. Bajgar et al. (2019) looked 

at the manufacturing sector specifically and also found that digital adoption is correlated with 

productivity on average, but the impacts are concentrated on productive firms with 

complementary digital and management skills.  

The connection with complementary skills is an important one. IT investments can have a 

significant bearing on productivity, but are particularly effective when combined with certain 

 

7 
The MultiProd database was created from administrative data on the universe of firms in a large number of 

OECD countries (see Berlingieri et al., 2017), and so is very well suited to this research. 
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organisational and management practices, reflecting the synergies often found between 

different intangible assets (Haskel and Westlake 2018). For example, Bresnahan et al. (2002) 

and Brynjolfsson et al. (2002) looked at how firms’ investments in IT and complementary 

organisational practices reinforced each other, producing higher market valuations and greater 

demand for skilled labour.  

Furthermore, Bloom et al. (2012) find that US multinational affiliates gain more productivity 

from their IT capital and use IT more extensively. These US owned firms have higher scores 

on their authors’ ‘people management’ practices which are based on policies for promotions, 

rewards, hiring and firing. These practices account for most of the higher IT based output 

elasticity. Indeed the combination of heterogeneous technological and managerial capabilities 

is so important that Van Reenen (2018) states that they can account for a large part of the 

substantial, and increasing, productivity differences across firms.  

A final aspect of digitalisation worth mentioning here is its role in facilitating ‘scale without 

mass’. While examining labour share and market concentration trends in the US, Autor et al. 

(2017a, 2020) note that concentration is typically greater when measured in sales terms rather 

than employment terms. Many high revenue firms are therefore generating these sales with 

relatively few employees. They refer to this as the ability to achieve scale without mass, 

following Brynjolfsson et al. (2008). That earlier paper had outlined how IT investments enable 

firms to replicate successful business practices, potentially building competitive advantage by 

boosting productivity and lowering marginal costs.  

In conclusion, the research demonstrates that digitalisation has a positive impact on 

productivity (particularly in conjunction with other complementary skills), but its role in 

altering the competitive balance between firms of different sizes is less clear. Many of the same 

conflicting factors mentioned earlier for markups apply here. On the one hand greater levels of 

digitalisation could make it easier for smaller firms to expand, enter new markets and compete 

on a more even footing with larger firms. On the other hand, many of the complementary skills 

that are so vital to achieving the full benefits of digital investments are more likely to be found 

in larger firms. Larger firms should also find it easier to leverage their IT and other intangible 

investments given their inherent scalability, thereby boosting their efficiency relative to smaller 

firms. 
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5.3 The research questions 

If digital technologies alter the competitive balance between larger and smaller firms, then we 

should see: 

▪ higher markups at larger firms, all else equal; 

▪ increasing gaps in markups between larger and smaller firms over time as digital 

technologies mature; and 

▪ similar trends in MFP to those observed for markups, relative to size and over time. 

Assessing the impact of industry digitalisation on markups and MFP should provide further 

insights. For example, what are the differences in markup and MFP gaps in more and less 

digitally intensive industries, and how are they changing over time? The thesis therefore poses 

the following five questions: 

1. Do larger firms have higher markups and MFP? 

2. How are these markup and MFP trends changing over time? 

3. Do patterns vary according to the digital intensity of an industry? 

4. Given the above, has there been a shift in market power between large and small 

firms? 

5. If so, are technological factors playing a role? 

5.4  Estimation framework 

5.4.1 Markups 

Firm-level markups are estimated according to the method developed by Hall (1988) and De 

Loecker and Warzynski (2012) that was described in Section 3.4. In keeping with Calligaris et 

al. (2018), materials is used as the variable input, as labour market rigidities in some countries 

within the sample means that materials flexibility represents a safer assumption. 

The output elasticity is estimated using a Cobb Douglas production function. As outlined in 

Section 3.2, a 2-stage estimation approach is used to account for unobserved productivity based 

on Ackerberg et al. (2015); henceforth referred to as the ACF approach. The coefficient values 

from the first stage OLS regressions are used as the starting points for the second stage 

regressions. 

5.4.2 Multifactor productivity 

Multifactor productivity (MFP) is estimated using the Wooldridge method described in Section 

3.3.3. The estimates are carried out using value added rather than gross output, following a 
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number of OECD studies (for example Gal 2013; Berlingieri et al., 2017; Berlingieri, Calligaris 

and Criscuolo, 2018). The markup estimation procedure also produces estimates of MFP, 

though these will have a strong relationship with markups simply due to the fact that they 

emerge from the same process. Using value added as the output measure and the Wooldridge 

method in the production function estimation has an added advantage in this context in that it 

lessens concerns around endogeneity between the markup and MFP estimates.  

5.4.3 Economic cycles 

The data was split into economic cycles as set out in Section 4.3. The time period contains two 

cycles (2001 – 2007 and 2008 – 2014), with individual production technologies estimated for 

each cycle at the NACE 2-digit level (52 industries). This allows for any changes in production 

technology between the two cycles to be assessed and accounted for, while keeping a 

reasonable span of time to analyse changes in MFP with a common production technology. A 

second set of regressions were estimated with a single production technology over the whole 

period. As well as providing for a single time span to analyse MFP, it also affords sufficient 

data to estimate the production functions at the NACE 3-digit level (220 industries).   

The core results presented below are those with individual production technologies for each 

cycle, with summary results for the single production function across both cycles presented in 

the Appendix (Appendix 6.1 contains the markup results with the MFP results in Appendix 

6.2). Given ongoing technical progress it would seem reasonable to provide for at least one 

change in production technology in each cycle. The well documented fall in the aggregate 

labour share over the past 40 years (Autor et al. 2020) would appear to reinforce this. In any 

case, the results are generally quite similar regardless of which technique is used. The 

correlation between the two sets of markup results is 0.99, while the correlation between the 

MFP results is 0.67. 

5.5 Data for the study 

The data used for the study is identical to the dataset used by Calligaris et al. (2018) in their 

study of the impact of digital technologies on markups, and further details can be obtained from 

that report. The firm-level data is obtained from the Orbis® database, which is owned by 



78 

 

Bureau Van Dyke (BVD). As it contains data from 26 countries8, all data is deflated with 

appropriate industry level purchasing power parity (PPP) deflators.  

It has also been through a range of cleaning steps, including the elimination of negative values 

and the removal of the 1% tails for the key variables (gross output, value added, labour and 

intermediates). The Orbis database has relatively fewer smaller and younger firms, particularly 

in the services sectors. As outlined in Section 4.2.1, only firms with 20 or more employees 

were included to ensure comparability, since there are a number of countries in Orbis for which 

little or no data exists for firms under this threshold. 

In common with many studies on productivity and markups, the industries covered are limited 

to the manufacturing and non-financial market service sectors. Utilities, construction and real 

estate are also removed. A full list of industries is provided in Appendix 2. 

In line with Calligaris et al. (2018), markup observations of less than 0.95 were removed and 

observations between 0.95 and 1 were set to 1 (a markup of less than one would imply that the 

firm is setting prices below marginal cost). The top and bottom 3% of the markup distribution 

in each 3-digit industry were also dropped. This was done in order to ensure that estimates were 

not overly impacted by outliers. The total share of observations dropped during the cleaning 

process varied slightly by specification, but was in the region of 10%. Summary statistics for 

variables used as inputs in the production functions are provided below. The period of the study 

is from 2001 – 2014, and all financial variables were converted to 2005 industry level PPP US 

dollars. 

Table 5-1 Summary statistics for input variables (financial variables USD PPP ’000)  

Variable Mean Median S.D. Observations 

Gross Output 51,000 11,800 401,000 2,285,584 

Value Added 13,300 2,994 136,000 2,285,584 

Materials 27,200 5,548 187,000 2,285,584 

Labour (number of employees) 177 50 1,295 2,285,584 

Capital Stock 21,500 1,937 374,000 2,285,584 

Source: author’s estimates based on Orbis® data. 

5.5.1 Digital intensity 

In their 2018 report, Calvino et al. created a taxonomy of digital intensity that ranked industries 

across 7 dimensions of digital maturity. The rankings correspond to the start of the sample 

 
8 

Australia, Austria, Belgium, Bulgaria, Denmark, Estonia, France, Finland, Hungary, Germany, Indonesia, India, 

Ireland, Italy, Japan, Republic of Korea, Luxembourg, the Netherlands, Portugal, Romania, Slovenia, Spain, 

Sweden, Turkey, the United Kingdom, and the United States. 
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period (2001 – 2003) and the end (2013 – 2014), and are set out in Appendix 3. The results of 

these rankings were distilled into one overall digital intensity ranking per industry which is 

outlined in Appendix 2.   

A digital dummy was then created with those industries lying above the digitalisation median 

assigned a value of 1. Note that while some industries change quartile from the beginning of 

the period to the end, no industry goes above or below the median, so the digital dummy 

remains constant. Consistent with the terminology in this study, the industries above the 

digitalisation median are referred to as being ‘digital intensive’, with those below making up 

the ‘less digital intensive’ category.  

While this measure of digitalisation should pick up differences across industries, it will not 

capture differences across firms. Orbis does not report data in sufficient detail to provide for 

between firm comparisons of digital or other intangible assets. While some studies (e.g. Peters 

and Taylor, 2017; Crouzet and Eberly, 2018) have used data on sales, general and 

administrative costs to estimate intangible assets at the firm level, this information is not 

available in Orbis.  

It is certainly not the case that levels of digitalisation will be uniform within industries, and 

some firms may be relatively digitally mature within an industry classification of ‘less digital 

intensive’. This makes the analysis of productivity all the more important. If changes in 

productivity trends are consistent with changes in markup trends, it is more likely that 

digitalisation is an underlying driver. 

A second consequence of the lack of uniformity with regard to digital maturity within industries 

is that it will inevitably increase the level of ‘noise’ in the data. The empirical contrast between 

the groups is therefore likely to be an underestimate of the ‘true’ difference.   

5.6 Results overview and trends 

Table 5-2 splits the input variables, markup results and MFP results by the level of digital 

intensity at the beginning and end of the sample. Firms in the digital intensive category tend to 

be larger on average, though the relative share of inputs is similar with the exception of a lower 

physical capital intensity (capital stock/gross output) in the digital intensive category.  

We see that mean markups in the digital intensive category are higher than the less digital 

intensive category in the first period, with the gap increasing in the second period. Markups in 

the digital intensive category are also notably more dispersed. 
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Table 5-2 Summary of key input and output variables (beginning and end of sample)  

 

Source: author’s estimates based on Orbis® data. 

Variable Mean SD Median Obvs. Mean SD Median Obvs. t_stat p_value

Gross Output 32,248,498 250,065,088 10,700,000 144,169 51,963,960 405,135,360 11,300,000 234,190 -16.6 0.00

Value Add 9,199,709 98,823,072 2,768,203 144,169 13,264,309 147,268,640 2,820,533 234,190 -9.3 0.00

Materials 23,048,790 157,639,648 7,272,596 144,169 38,699,652 278,384,000 7,807,783 234,190 -19.5 0.00

Labour (employees) 134 1,475 48 144,169 190 1,366 48 234,190 -11.7 0.00

L. productivity log(VA/L) 10.87 0.63 10.92 144,169 10.91 0.67 10.93 234,190 -15.1 0.00

Capital Stock 13,469,031 166,213,216 1,798,143 144,169 17,284,528 470,219,296 1,652,644 234,190 -3.0 0.00

Markup 1.30 0.34 1.22 122,391 1.35 0.65 1.17 207,772 -23.7 0.00

Log Markup 0.24 0.20 0.20 122,391 0.24 0.29 0.15 207,772 -3.6 0.00

Log MFP 12.17 0.77 12.07 86,361 12.07 0.77 12.05 158,304 31.2 0.00

Variable Mean SD Median Obvs. Mean SD Median Obvs. t_stat p_value

Gross Output 44,593,360 536,778,080 11,000,000 131,069 69,748,592 530,707,936 12,700,000 217,299 -13.5 0.00

Value Add 11,823,395 201,893,248 2,972,028 131,069 17,853,994 169,298,416 3,254,051 217,299 -9.5 0.00

Materials 32,769,964 355,613,888 7,087,301 131,069 51,894,596 394,317,888 8,270,481 217,299 -14.4 0.00

Labour (employees) 152 1,464 52 131,069 218 1,449 54 217,299 -13.0 0.00

L. productivity log(VA/L) 10.71 0.86 10.89 144,169 10.91 0.88 10.94 217,299 -67.4 0.00

Capital Stock 26,697,532 566,677,696 2,131,244 131,069 30,977,542 484,821,312 1,938,048 213,315 -2.4 0.02

Markup 1.36 0.46 1.25 114,819 1.45 0.81 1.19 189,593 -32.6 0.00

Log Markup 0.27 0.24 0.22 114,819 0.29 0.35 0.18 189,593 -15.5 0.00

Log MFP 11.64 0.85 11.71 119,397 11.89 0.90 11.79 166,864 -73.2 0.00

2001 - 2003 Less Digital Intensive 2001 - 2003 Digital Intensive

2013 - 2014 Less Digital Intensive 2013 - 2014 Digital Intensive
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This dispersion is such that median markups in the digital intensive category are actually lower 

than the less digital intensive category. It should be noted however that this result is entirely 

driven by the wholesale and retail industry, which accounts for about 25% of sample firms. 

These are typically high volume, low margin businesses, with relatively low markups (see 

Appendix 4 for a breakdown at ISIC 2-digit level). If retail is excluded, the median figures for 

the log of markups in the digital intensive category is 0.24 in the first period and 0.28 in the 

second, well above those of the less digital intensive category. 

Turning to MFP, we can see that the mean values for more and less digital intensive categories 

are closer than is the case for markups. Mean MFP is slightly higher for the less digital intensive 

category in the first period, with this situation being reversed in the second period. Another 

notable factor is how much less skewed the MFP results are, with observed median values 

much closer to mean values than for markups. 

5.6.1 Trends by size group  

If digital technologies are changing the balance of competition between large and small firms, 

then we should see some evidence of this from trends in markups, sales and profitability. As 

set out in Section 4.2.1, four ‘size groups’ were created for firms with less than 50 employees 

(in practice 20 – 49 for the Orbis data), 50 – 499 employees, 500 – 4,999 employees and 5,000+ 

employees. The resulting distribution of observations by size group, as well as the mean and 

median markups are as follows. 

Table 5-3 Data by size group 

Size 

Group Employees Frequency Percent 

Mean 

Markup 

Median 

Markup 

Mean Log 

MFP 

Median 

Log MFP 

1 20 - 49 1,126,855 49.3 1.33 1.19 11.68 11.64 

2 49 - 499 1,049,177 45.9 1.40 1.20 12.08 12.07 

3 500 - 4,999 101,942 4.5 1.53 1.24 12.65 12.65 

4 5,000 + 7,610 0.3 1.40 1.20 13.19 13.25 

    2,285,584 100         

Source: author’s estimates based on Orbis® data. 

Figure 5-1 shows how markups and MFP have evolved over time. We see that the unweighted 

median markup for each group has increased over time, but that the gaps between the size 

groups have remained relatively constant with the exception of Size Group 4. (Additional 

volatility is perhaps to be expected given the lower number of firms.) 

In contrast, the gaps in log MFP between the larger size groups (Size Groups 3 and 4) and the 

smaller size groups have grown over time, with median MFP for Size Group 3 staying 
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relatively flat in the face of the financial crisis and Size Group 4 actually increasing. This stands 

in sharp contrast to the two smaller groups which declined significantly. 

Figure 5-1 Median markups and MFP by size group 

 
Source: author’s estimates based on Orbis® data. 

Turning to sales and profitability, we can see that growth in real sales has also been tiered by 

size group, with the largest firms consistently achieving higher rates of growth. Median profit 

margins9 also exhibit this pattern, though the gap between the largest size group and the others 

is noticeably bigger. The gap has also increased over time, having been relatively minor around 

the time of the financial crisis. 

Figure 5-2 Median sales growth and profit by size group   

 
Source: author’s estimates based on Orbis® data. 

5.6.2 Trends by industry  

Appendix 4 sets out the output elasticities and unweighted mean markup values for each of the 

52 NACE 2-digit industries. The output elasticity is greater than one (implying increasing 

 

9 Calculated as earnings before interest, tax, depreciation and amortization (EBITDA), less a capital cost of 0.1 

multiplied by total capital stock. All variables in real terms. 
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returns to scale) in 46 of the 52 industries during the first cycle, and in 49 of the 52 in the 

second cycle. It is notable that the mean output elasticity for the digital intensive industries is 

greater than the less digital intensive industries in both periods. The results for both cycles are 

summarised below, and the difference is statistically significant in the second cycle.  

We can also see that the mean output elasticity increases from Cycle 1 to Cycle 2 for both more 

and less digital intensive industries, implying greater returns to scale for both categories in the 

second period. The increase is not statistically significant in the case of the less digital intensive 

industries, though the Pr(T > t) for the digital intensive industries in Cycle 2 versus Cycle 1 is 

0.92.     

Table 5-4 Summary of output elasticities and markups by category and cycle 

Difference in Mean Output Elasticity by 

Digitisation for Cycle 1 
 

Difference in Mean Output Elasticity by 

Digitisation for Cycle 2 

Digital Intensity Obvs.  Mean  

Std. 

Error  Digital Intensity Obvs.  Mean  

Std. 

Error 

Less Dig. Int. 19 1.021 0.0054  Less Dig. Int. 19 1.026 0.0045 

Digital Intensive 33 1.030 0.0039  Digital Intensive 33 1.037 0.0034 

Combined  52 1.027 0.0032  Combined  52 1.033 0.0028 

Difference  -0.009 0.0066  Difference  -0.0113 0.0056 

             

H0: difference = 0. Pr(|T| > |t|) = 0.1781     H0: difference = 0. Pr(|T| > |t|) = 0.0499    

5.7 Do larger firms have higher markups and MFP? 

As we saw from Section 5.6.1, larger firms tend to have higher markups on average, though 

the relationship is not linear. A number of controls are now applied to see if size retains a 

significant impact after accounting for these variables.  

Three sets of regressions were run with Log Markup as the dependent variable, all of which 

included dummies for Size Groups 2, 3 and 4. The differences in the three sets of regressions 

are the fixed effects used to control for various time invariant factors, as outlined below. Two 

sets of control variables were employed: one with the capital intensity ratio (log of capital 

stock/output) and the log of firm age; and the second set with log MFP in addition to the 

variables in the first set. Following Calligaris et al. (2018), controls were lagged to reduce 

endogeneity concerns. It should be noted that it may be difficult to eliminate all such bias given 

that firms are likely to act on expectations, which may depend on lagged information.   

All regressions include a set of dummies to control for differences for each country-year pair. 

Regressions 3 and 4 also include industry-year fixed effects, which is important given the 

substantial differences in markups across industries. Finally, regressions 5 and 6 replace the 
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industry-year dummies with individual firm dummies. Summary results for the key size 

variables are presented here, with the full set of results in Appendix 5.1. Appendix 6 provides 

corresponding results for regressions using a single production technology at the NACE 3-digit 

level (these are very similar). 

Table 5-5 Markups by size group 

  1a 1b 2a 2b 3a 3b 

Size Group 2 0.05*** 0.11*** 0.02*** 0.06*** 0.04*** 0.04*** 

Size Group 3 0.14*** 0.27*** 0.04*** 0.15*** 0.09*** 0.10*** 

Size Group 4 0.12*** 0.27*** 0.05*** 0.20*** 0.14*** 0.15*** 

Controls 
K intensity,  

Firm Age 

K intensity,  

Firm Age, 

MFP 

K intensity,  

Firm Age 

K intensity,  

Firm Age, 

MFP 

K intensity,  

Firm Age 

K intensity,  

Firm Age, 

MFP 

Fixed Effects Country-year Country-year 
Country-year,  

industry-year 

Country-year,  

industry-year 

Country-year, 

firm 

Country-year, 

firm 

Observations 1,694,732 1,186,510 1,694,694 1,186,471 1,641,317 1,140,887 

R-squared 0.08 0.14 0.54 0.58 0.94 0.95 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, 

*p<0.10.  

Source: author’s estimates based on Orbis® data. 

After controlling for the various factors in Regressions 1a and 1b, we still see evidence of 

substantial size premiums, particularly for the two largest size groups. We can see that each of 

the coefficients is larger when including MFP as a control in Regression 1b, as there is a 

negative relationship between MFP and markups. As Syverson (2011) notes, productivity 

spreads between firms based on physical output tend to be higher than those based on revenue. 

This results from more productive firms typically having lower unit prices, which reduces the 

productivity gap when it is measured in revenue terms. This could lead to a negative 

relationship between markups and MFP, all else equal. It is notable that Size Group 4 displays 

a significant markup premium over the two smaller size groups, despite the fact that the 

unweighted average is similar.  

Interestingly, when controlling for industry year fixed effects as well as country/year fixed 

effects in Regressions 2a and 2b, we see the level of difference decline, suggesting that 

industry-specific factors play a substantial role in determining the level of markups. 

Nevertheless, a clear step-up pattern remains. 

Regressions 3a and 3b control for firm fixed effects. This comes at a cost however, as only 

information from firms who change size category (about 20% of the sample) will remain in the 
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size dummies10. Interestingly however it also shifts the analysis to how markups are related to 

changes in size group. This shows that moving into different size groups has a positive impact 

on markups, with the effect generally increasing with size.   

Lastly, it should be noted that the standard errors for the above regressions were clustered at 

the firm level. As Abadie et al. (2023) outline, the need for clustering and appropriate level is 

dictated by the sampling process and the treatment assignment mechanism. The data for this 

thesis is comprised of firms from all manufacturing and service industries, and the thesis does 

not attempt to explain trends outside of these sectors (to utilities or the public services, for 

example). Given that there is no sampling of industries, there is no reason to cluster by industry. 

There may be reason to believe that certain types of firms are more likely to be included in the 

sample however (larger firms, for example), and so the results are clustered at the firm level.  

5.7.1 The impact of scale on multifactor productivity 

The table below shows the value of the size dummies for MFP, where as before, Regressions 

1a and 1b include country/year fixed effects, Regressions 2a and 2b also include industry/year 

fixed effects, and Regressions 3a and 3b replace the industry/year fixed effects with firm fixed 

effects.  

We observe a substantial size premium, which increases with each size group. The coefficient 

for Size Group 4 in Regression 1a is large at 1.24, implying MFP at those firms is c. 245%11 

higher than Size Group 1. We do see sizeable coefficients in other studies, however. For 

example, Berlingieri et al. (2018a) found dummy values in excess of 1 for large manufacturing 

firms (250+ employees) in their data. It is interesting to note that the values from Regressions 

2a and 2b with industry-year fixed effects are more similar to those from Regressions 1a and 

1b than was the case for markups. This suggests that industry-specific factors play less of a 

role with regard to productivity than with markups. Regressions 3a and 3b show that moving 

up a size group also has a positive impact on productivity. 

  

 
10 Note that the number of observations for regressions 3a and 3b are slightly lower due to the fact that some firms 

with 2 observations are dropped as the inclusion of firm fixed effects results in them becoming singleton 

observations which are dropped by default.   

11 As the dependent variable is in log form the percentages are calculated as exp(dummy value) – 1. 
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Table 5-6 MFP by size group  

  1a 1b 2a 2b 3a 3b 

Size Group 2 0.33*** 0.38*** 0.35*** 0.39*** 0.02*** 0.03*** 

Size Group 3 0.74*** 0.88*** 0.83*** 0.91*** 0.09*** 0.09*** 

Size Group 4 1.24*** 1.34*** 1.25*** 1.36*** 0.22*** 0.23*** 

Controls 
K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

Fixed Effects Country-year Country-year 
Country-year,  

industry-year 

Country-year,  

industry-year 

Country-year, 

firm 

Country-year, 

firm 

Observations 1,461,464 1,212,004 1,461,443 1,211,978 1,414,245 1,165,445 

R-squared 0.29 0.34 0.67 0.70 0.92 0.92 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, 

*p<0.10. 

Source: author’s estimates based on Orbis® data. 

5.7.2 Do larger firms have higher markups and MFP?  

The markup results demonstrate a significant size premium, particularly for the largest two size 

groups. Industry-specific factors play an important role, though the premium remains even 

when controlling for them. MFP size dummies also indicate a clear step-up pattern with 

successive size groups. Changes in size group are also positively related to both markups and 

MFP. 

5.8 How are these markup and MFP trends changing over time? 

5.8.1 Changes in markups by economic cycle 

The table below splits out the changes out by economic cycle (outlined in Section 5.4.2). We 

see the impact of scale increases from the first cycle (2001 – 2007) to the second (2008 – 2014). 

As the coefficients also increase in Regression 2 (with industry-year fixed effects), the thesis 

concludes that this is not simply due to industry-specific factors. For the sake of brevity, results 

are shown from the regressions including all the controls, as the trends with the controls 

excluding MFP are almost identical (see Appendix 5.3). Appendix 5.3 also contains regression 

results where a dummy variable for Cycle 2 is interacted with the size dummies so that we can 

assess the significance of the change over time. This interaction term is positive and statistically 

significant (at the ten percent level or lower) in 11 of 16 cases across the three specifications. 

It is positive and statistically insignificant in 4 cases, and marginally negative in the remaining 

case.  
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Table 5-7 Markups by size group and cycle 

  1a 1b 2a 2b 3a 3b 

 Cycle 1 Cycle 2 Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 2 0.11*** 0.10*** 0.06*** 0.06*** 0.05*** 0.04*** 

Size Group 3 0.26*** 0.27*** 0.14*** 0.15*** 0.12*** 0.09*** 

Size Group 4 0.24*** 0.29*** 0.18*** 0.21*** 0.16*** 0.12*** 

Controls 
K intensity,  

Age, MFP 

K intensity,  

Age, MFP 

K intensity,  

Age, MFP 

K intensity,  

Age, MFP 

K intensity,  

Age, MFP 

K intensity,  

Age, MFP 

Fixed Effects Country-year Country-year 

Country-

year,  

industry-year 

Country-

year,  

industry-year 

Country-

year, 

firm 

Country-

year, 

firm 

Observations 397,101 789,409 397,083 789,388 363,288 743,364 

R-squared 0.15 0.13 0.59 0.58 0.96 0.96 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, 

*p<0.10. 

Source: author’s estimates based on Orbis® data. 

5.8.2 Changes in MFP by economic cycle 

As with markups, size appears to matter more during the second period than the first. The MFP 

size premium increases from the first cycle to the second for all size groups, though the increase 

is greater for the two largest groups. Further results with markups included as a control can be 

found in Appendix 5.4. As in the case of the markup regressions, this appendix also includes a 

regression with a dummy for cycle 2 interacted with the size dummies to assess the significance 

of the change. The interaction term is positive and statistically significant in 14 of the 16 cases.  

Table 5-8 MFP by size group and cycle 

  1a 1b 2a 2b 3a 3b 

 Cycle 1 Cycle 2 Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 2 0.36*** 0.39*** 0.37*** 0.39*** -0.05*** 0.02*** 

Size Group 3 0.71*** 0.95*** 0.85*** 0.94*** -0.08*** 0.05*** 

Size Group 4 1.05*** 1.53*** 1.36*** 1.35*** -0.11*** 0.09*** 

Controls 
K intensity,  

Age, Markup 

K intensity,  

Age, Markup 

K intensity,  

Age, Markup 

K intensity,  

Age, Markup 

K intensity,  

Age, Markup 

K intensity,  

Age, Markup 

Fixed Effects Country-year Country-year 

Country-

year,  

industry-year 

Country-

year,  

industry-year 

Country-

year, 

firm 

Country-

year, 

firm 

Observations 397,155 814,849 397,143 814,835 363,170 769,479 

R-squared 0.25 0.35 0.68 0.69 0.97 0.96 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, 

*p<0.10.  

Source: author’s estimates based on Orbis® data. 

To summarise then, size has a positive relationship with both markups and MFP, and it tends 

to matter more in the second period. 
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5.9 Do patterns vary according to the digital intensity of an industry? 

We now turn to the question of whether this positive scale effect varies according to the digital 

intensity of an industry. Four regressions were run over two time periods to examine the 

relationships between markups, size and industry digitalisation over time. The firm-level size 

dummies were interacted with the industry-level digital dummies for both Cycle 1 and Cycle 

2.  

These regressions show how the total size premiums from previous regressions are attributable 

to more and less digital intensive categories (bearing in mind our reference category is Size 

Group 1, less digital intensive). We see that the larger size groups have substantial markup 

gaps in both digital intensive and less digital intensive industries. The gaps also tend to increase 

from Cycle 1 to Cycle 2, and across both digital intensive and less digital intensive categories. 

The average increase is larger in digital intensive industries, albeit from a lower initial level for 

Size Group 4 firms.  

This points to an interesting aspect of the results - the reason for the slightly lower Size Group 

4 term in Regression 1, Table 5-5, was due to firms in the digital intensive category. This gap 

has closed over time however, particularly when MFP is used as a control. Markups for digital 

intensive Size Group 2 and 3 firms are typically higher than their less digital intensive 

equivalents, and indeed markups are higher for digital intensive industries overall, consistent 

with Calligaris et al. (2018). 

Table 5-9 Markups by size group and digitalisation  

  1a 1b 2a 2b 

 Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 2 0.01*** 0.02*** 0.08*** 0.07*** 

Size Group 3 0.07*** 0.10*** 0.23*** 0.24*** 

Size Group 4 0.15*** 0.17*** 0.45*** 0.38*** 

S1*Digital Intensive -0.02*** -0.01*** -0.05*** 0.01*** 

S2*Digital Intensive 0.05*** 0.07*** 0.08*** 0.13*** 

S3*Digital Intensive 0.14*** 0.16*** 0.23*** 0.29*** 

S4*Digital Intensive 0.07*** 0.11*** 0.18*** 0.28*** 

Controls 
K intensity,  

Firm Age 

K intensity,  

Firm Age 

K intensity,  

Age, MFP 

K intensity,  

Age, MFP 

Fixed Effects Country-year Country-year Country-year Country-year 

Observations 703,689 991,043 397,101 789,409 

R-squared 0.06 0.09 0.15 0.14 

Notes: Size Group 1 consists of firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 500 – 4,999 and 

Group 4 is 5,000+. The Digital Dummy is equal to 1 if greater than the digitalisation median. As the base category 

is Size Group 1, the value of the Digital Dummy is the coefficient for ‘Size Group 1 Digital Intensive’. The ‘Digital 

Intensive’ terms contain all relevant dummies (size, digital and size/digital interaction terms). All controls at t-1. 

***p<0.01 **p<0.05, *p<0.10. Source: author’s estimates based on Orbis® data. 
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In addition, a second set of regressions controlling for firm-level fixed effects are outlined in 

Appendix 5.5. All of the size and digital dummies are positive and significant, indicating that 

moving up size groups is associated with higher markups across all industries, but to a greater 

extent in digital intensive industries. Moving into the largest size group is associated with an 

increase in markup of 6 - 8% for the less digital intensive category (depending on the period 

and controls used) and an increase of 14 – 18% for the digital intensive category. The increases 

associated with moving into Size Group 2 are much smaller, at 2 - 4% for less digital intensive 

industries and 4 - 6% for digital intensive. 

5.9.1 MFP regressions with size and digital dummies 

Turning to MFP, we can see that the step-up with successive size groups holds true for both 

more and less digital intensive categories (though it is larger for the less digital intensive 

category). We can also see that larger firms in both digital intensive and less digital intensive 

industries have tended to increase the productivity gaps from Cycle 1 to Cycle 2. The exception 

is Size Group 4 in the less digital intensive category, albeit the reduction occurs from a very 

large initial gap.  

The size premium for Size Groups 3 and 4 over Size Groups 1 and 2 has increased substantially 

in the case of the digital intensive category. Therefore, while these size premiums are lower in 

the digital intensive category in both periods, the gap has narrowed significantly over time. 

Table 5-10 MFP by size group and digitalisation 

  1a 1b 2a 2b 

 Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 2 0.41*** 0.42*** 0.45*** 0.46*** 

Size Group 3 0.87*** 1.06*** 1.06*** 1.20*** 

Size Group 4 2.30*** 1.68*** 2.39*** 1.96*** 

S1*Digital Intensive -0.09*** 0.17*** -0.08*** 0.20*** 

S2*Digital Intensive 0.15*** 0.47*** 0.23*** 0.55*** 

S3*Digital Intensive 0.40*** 0.90*** 0.54*** 1.04*** 

S4*Digital Intensive 0.78*** 1.52*** 0.87*** 1.62*** 

Controls 
K intensity,  

Firm Age 

K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

K intensity,  

Age, Mark. 

Fixed Effects Country-year Country-year Country-year Country-year 

Observations 530,873 930,591 397,155 814,849 

R-squared 0.18 0.32 0.26 0.36 

 

Notes: Size Group 1 consists of firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 500 – 4,999 and 

Group 4 is 5,000+. The Digital Dummy is equal to 1 if greater than the digitalisation median. As the base category 

is Size Group 1, the value of the Digital Dummy is the coefficient for ‘Size Group 1 Digital Intensive’. The ‘Digital 

Intensive’ terms contain all relevant dummies (size, digital and size/digital interaction terms). All controls at t-1. 

***p<0.01 **p<0.05, *p<0.10. Source: author’s estimates based on Orbis® data. 
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5.9.2 Regressions with Size and Digital Quartile 3/4 Dummies 

The next set of regressions split the digital dummy into two separate dummies representing 

those industries in the third and fourth quartiles of digitalisation (the reference category remains 

Size Group 1, less digital intensive). We see very different patterns for the two quartiles. As 

outlined in Appendix 5.5, the Quartile 4 digital dummy is very large and significant (0.23 - 

0.27 depending on the cycle and whether MFP is used as a control). The result is that all size 

categories have higher mark-ups relative to the other quartiles.  

The Quartile 4 size dummies are unique in that they do not display a marked step-up pattern 

by size group. The fact that all size groups have similar coefficients could indicate that smaller 

firms in the most-digital sector are able to achieve ‘scale without mass’ due to nature of these 

industries. Low levels of marginal costs associated with digital investments may enable 

successful firms to achieve high levels of sales relative to their employment base. It may be 

that even smaller firms in the most-digital sector have relatively high levels of complementary 

skills or other intangible assets. It may also simply be that there are other industry-specific 

factors influencing the results that are not being controlled for.  

Two pertinent candidates are skill intensity and the degree of routinisation. Berlingieri, 

Calligaris and Criscuolo (2018b) note that including skill intensity as a control increases the 

impact of scale with regard to MFP in services in particular (most of the digital intensive 

industries are service industries). It may be digitalisation is more impactful where tasks are 

more routinised and less highly skilled (Gal et al. 2019). This could help explain why scale has 

less of an impact on markups in Quartile 4 industries. 
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Table 5-11 Markups by size group and digitalisation (Quartiles 3 and 4) 

  1a 1b 2a 2b 

 Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 1*Q3 -0.09*** -0.09*** -0.13*** -0.10*** 

Size Group 2*Q3 -0.07*** -0.06*** -0.08*** -0.05*** 

Size Group 3*Q3 -0.02*** -0.01*** 0.02*** 0.02*** 

Size Group 4*Q3 -0.03*** -0.03*** 0.08*** 0.05*** 

Size Group 1*Q4 0.24*** 0.26*** 0.23*** 0.27*** 

Size Group 2*Q4 0.29*** 0.30*** 0.32*** 0.35*** 

Size Group 3*Q4 0.26*** 0.28*** 0.30*** 0.36*** 

Size Group 4*Q4 0.11*** 0.14*** 0.15*** 0.24*** 

Controls 
K intensity,  

Firm Age 

K intensity,  

Firm Age 

K intensity,  

Firm Age, 

MFP 

K intensity,  

Firm Age, 

MFP 

Fixed Effects 
Country-

year 

Country-

year 

Country-

year 

Country-

year 

Observations 703,689 991,043 397,101 789,409 

R-squared 0.25 0.28 0.34 0.33 

Note: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. There are two digital dummies, the first equal to one if the firm is in an industry 

in the third quartile of digitalisation, and the second equal to one for industries in the fourth quartile. All controls at 

t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, *p<0.10. 

Source: authors’ estimates based on Orbis® data. 

5.9.2.1 MFP Regressions with Size and Digital Quartile 3/4 Dummies 

The MFP results by quartile are consistent with the previous MFP regressions in that there is 

evidence of the step-up pattern for both Quartile 3 and Quartile 4 firms. We also see that the 

size gaps in MFP have increased substantially in the case of the Quartile 4 firms, but not in the 

Quartile 3, indicating that the increase in Table 5-9 was due to firms in the most digitised 

industries. 
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Table 5-12 MFP by size group and digitalisation (Quartiles 3 and 4) 

  1a 1b 2a 2b 

 Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 1*Q3 0.04*** 0.28*** 0.02*** 0.29*** 

Size Group 2*Q3 0.37*** 0.64*** 0.36*** 0.67*** 

Size Group 3*Q3 0.69*** 0.96*** 0.70*** 1.02*** 

Size Group 4*Q3 0.72*** 0.92*** 0.78*** 0.93*** 

Size Group 1*Q4 -0.48*** -0.13*** -0.34*** -0.02*** 

Size Group 2*Q4 -0.18*** 0.22*** -0.01*** 0.35*** 

Size Group 3*Q4 0.27*** 0.86*** 0.43*** 0.98*** 

Size Group 4*Q4 0.77*** 1.57*** 0.85*** 1.65*** 

Controls 
K intensity,  

Firm Age 

K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

K intensity,  

Age, Mark. 

Fixed Effects 
Country-

year 

Country-

year 

Country-

year 

Country-

year 

Observations 530,873 930,591 397,155 814,849 

R-squared 0.24 0.35 0.28 0.37 

Note: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. There are two digital dummies, the first equal to one if the firm is in an industry 

in the third quartile of digitalisation, and the second equal to one for industries in the fourth quartile. All controls at 

t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, *p<0.10. 

5.9.3 Do patterns vary by digital intensity? 

To sum up, many of the patterns evident in the previous section are consistent across both more 

and less digital intensive industries. Larger size groups exhibit substantial markup and MFP 

gaps in both categories. The gaps in markups and MFP also tend to increase from Cycle 1 to 2, 

though the increase is more pronounced in the digital intensive category. 

In terms of markups, an exception to the general step-up pattern with size occurs for the most-

digital intensive industries (Quartile 4). As indicated above, it may be related to unobserved 

factors such as skill intensity and the degree of routinisation. On the other hand, it may be that 

smaller firms can achieve ‘scale without mass’ in these industries, enhancing their ability to 

compete with larger firms and reducing or even reversing mark-up gaps.  

Another interesting candidate is the level of industry maturity, per Klepper (1996). If the 

growth of the internet in the late 1990s led to significant disruption, growth in new entrants and 

a wave of innovation, the benefits of being a larger firm would likely have diminished. Over 

time, as product variety declines and the importance of process innovation grows, we would 

see industry leadership stabilise, the number of new entrants fall, and growth in the productivity 

and profitability of the larger firms.   

As Calvino and Criscuolo (2019) outlined, levels of dynamism are higher in digitally intensive 

industries, and particularly so in services. However, these levels of dynamism have been 
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declining in both digitally intensive and less digitally intensive industries since the turn of the 

century, and more so in digital intensive industries. This would be consistent with a number of 

the patterns above. Initially, size premiums in the most-digital industries are low or even 

negative, consistent with a high level of competition in the early stages of digital maturity. 

However, these size premiums have increased over time, at the same time as the level of 

dynamism has declined. In addition, larger firms have increased the productivity gaps over 

smaller firms as these industries have matured, and it is also notable that the impact on markups 

of moving up in size group is considerably larger in the digital intensive sector, and the most 

digital intensive in particular (as the results with firm fixed effects in Appendix 5.5 show).  

5.10 Has there been a shift in market power between large and small firms? 

There is a large amount of evidence to support the view that the competitive balance is shifting, 

with large firms (500 + employees) gaining market power relative to smaller firms. Large firms 

tended to have higher rates of sales growth throughout the sample period. They were also more 

profitable, and the gap widened by the end of the sample period (particularly for the largest 

firms). We also see evidence of increasing returns to scale, as demonstrated by larger mean 

output elasticities across the two cycles.  

The markup data shows that the largest firms tended to have the highest markups, regardless 

of what type of fixed effects were used. Differences in markups between the largest two size 

groups and the smaller groups also increase over time. While industry-specific factors play a 

role, regressions with industry fixed effects show that this remains true even when controlling 

for these factors.  

When we look at the trends by industry, we see that larger size groups have substantial markup 

and MFP gaps in both more and less digital intensive industries. The gap in markups also tends 

to increase from Cycle 1 to 2, and this is matched by an increase in the MFP gap in the digital 

intensive category. The most digitalised category is an exception to the general markup rule, 

but we do see a dramatic increase in the MFP gap between the larger and smaller size groups 

in this category.  

Finally, it is also notable that regressions with firm fixed effects show that moving up size 

groups has a positive impact on markups, with the effect increasing systematically with size. 

Therefore, there is substantial evidence to show that increased size is associated with greater 

market power, and that this effect is increasing over time. 
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5.11 Are technological factors playing a role? 

The first aspect to note is that markups are higher in the digital intensive category, and so 

digitalisation is associated with greater market power at a broad industry level. The thesis has 

also outlined substantial markup gaps between larger and smaller firms, and noted that these 

gaps are increasing. Importantly, the increases in the markup gaps have been greater in the 

digital intensive category, albeit from lower initial levels. This is particularly noticeable when 

MFP is included as a control.  

Figure 5-3 Change in Log Markup by size group 

 
Source: Author’s estimates based on Orbis data.  

If markup trends are mirrored by similar trends in MFP, then we can be more confident that 

technological factors play a role. We do indeed see a clear step-up in MFP with size, and these 

gaps have tended to widen over time. While the gaps are narrower for digital intensive 

industries, the increase has been greater, driven by increasing productivity gaps at the most-

digital industries. It must be noted however that these results are based on regressions with 

separate production technologies for each cycle. Results with a single production technology 

show increasing gaps between the larger and smaller size groups when we look at the simple 

averages over the two cycles. However, the gaps between the larger and smaller MFP size 

dummies tend to decline slightly when the regression controls are applied (see Appendix 6.2 

for these results). 

Figure 5-4 Change in log MFP by size group 

 
Source: author’s estimates based on Orbis data.  
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We have also seen that moving into larger size groups is associated with progressively larger 

increases in markups. It is notable that these effects are stronger in the digital intensive 

category, and strongest of all in the most digital intensive (Q4) category. Depending on the 

period and controls used, moving into the largest size group is associated with an increase in 

markup of 6 - 8% for less digital intensive industries, compared to 14 - 18% for digital intensive 

industries. The equivalent figures for Size Group 2 are increases of 2 - 4% for less digital 

intensive industries and 4 - 6% for digital intensive. The effect is magnified for the most digital 

intensive category, with increases of 16 - 21% for Size Group 3 and 21 – 26% for Size Group 

4 (see Appendix 5.5 for details). 

Finally, it is notable that the mean output elasticity is greater than one in both categories and 

both periods, but is higher in the digital intensive category in both periods, implying greater 

returns to scale.  

5.12 Conclusions 

This chapter has outlined several trends regarding size, markups and MFP which would 

indicate that technology may be helping larger firms achieve higher levels of markups and 

market power, thereby altering the balance of competition relative to smaller firms. We see 

evidence of a significant size premium with regard to both markups and MFP. Industry-specific 

factors play an important role, though the premium remains even when controlling for them. 

The importance of size tends to increase over time for both markups and MFP. 

Given the fact that larger firms are growing faster, are more profitable, earn higher markups 

and are more productive, we can conclude that they have greater levels of market power. The 

fact that their profitability and markup advantages have grown would indicate that this power 

is increasing. There are a number of reasons to believe that technology may be contributing to 

these trends. The increase in markup gaps between larger and smaller firms is greater in the 

digital intensive category. Furthermore, these increasing gaps in markups are matched by 

increasing gaps in MFP. The impact of moving up size groups is also greater in digital intensive 

industries, and in the most digitally intensive in particular.  

The associations above do not ‘prove’ that the increased use of digital technologies is a key 

factor behind the increased market power of the largest firms, though they are suggestive of 

this. More granular firm-level data on digital investments and competencies (ideally with data 

on other intangible assets such as complementary management skills) would be required to be 

more confident of causation.  
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Ideally, we would be able to parse the impact of a firm’s digital and intangible investments, 

how they vary with size, and in turn impact competition between firms of different sizes. 

Unfortunately, this is not possible in the Orbis data. If both omitted variables are positively 

correlated with markups, MFP and size (as would seem plausible), then large and significant 

size dummies may reflect their impact. This interplay between digital and other intangible 

assets, and their impact on competition, is therefore the focus of the next chapter.    
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Chapter 6 Intangible Capital and Changing Production and Competition 

Dynamics 

6.1 Introduction 

Chapter 5 established that large firms (those with 500+ employees) are gaining in market power 

relative to smaller firms. Chapter 6 will seek to address some of the mechanisms underlying 

these changes, by looking at how digitalisation is impacting production dynamics, and how 

this, in turn, is impacting competition.   

The past fifty years have seen dramatic changes to firms’ investment patterns and cost 

structures. Figure 6-1 shows revenue for all firms in the manufacturing and services industries 

with US SEC filing requirements since 1970, divided up into individual cost components and 

residual profit (earnings before interest and tax - EBIT)12. Cost of Goods Sold (COGS), has 

declined consistently since the 1980s. The other main component of costs, Sales, General and 

Administration (SG&A) increased initially, but has been declining since the turn of the century. 

Research and Development (R&D) and Depreciation and Amortisation (D&A) have increased 

slightly, but the increase is not enough to offset the reduction in COGS. The result is that EBIT 

(the area in green) has grown from c. 8% of revenue in the early 1990s to 12% in 2020. 

Figure 6-1 Cost and profit shares 1970 - 2020 

 
Source: author’s estimates based on Compustat data for firms with US SEC filing requirements, 1970-2019. 

 
12 The data includes all observations with non-zero or non-negative values for the variables above, amounting to 

almost 310,000 observations between 1970 and 2020.   
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In addition, the type of costs being incurred by firms are changing. COGS is predominantly a 

variable cost, while SG&A is predominantly fixed. Fixed costs are therefore increasing in 

relative terms, and the nature of those fixed costs is also changing. Aggregate investment in 

intangible assets (such as patents, software, brands and designs) is now greater than investment 

in physical assets in many developed economies (Corrado et al. 2016). This shift can be seen 

in the Compustat data also, as outlined in Figure 6-2 (note that the assumptions behind the 

calculation of intangible assets are outlined in Section 6.4). 

Figure 6-2 Mean and median intangible and physical capital 1970 - 2019 

 
Source: author’s estimates based on Compustat data. 

This shift may have significant implications for competitive dynamics, as the properties of 

intangible assets differ from tangible assets in a number of important ways that may benefit 

larger, more successful firms. For example, intangible assets such as digital technologies are 

often highly scalable, which can produce industry structures dominated by a relatively small 

number of large and profitable firms, particularly where network effects are also present.  

This chapter assesses the impact of the large growth in intangible assets by using firm-level 

measures of intangible assets developed by Peters and Taylor (2017) and Ewens et al. (2021) 

to analyse changes in production processes over time. It analyses drivers of those changes, and 

also examines if the shift towards intangible assets is tilting the balance of competition towards 

larger, more successful firms.   

Section 6.2 provides an overview of relevant literature, focusing on studies specific to this 

chapter and 6.3 sets out the research questions. Sections 6.4 and 6.5 describe the data and 

estimation framework of relevance to the chapter. Section 6.6 provides some descriptive 

statistics, while Sections 6.7 and 6.8 describe the changing production dynamics and potential 

contributing factors. Sections 6.9 and 6.10 outline how these dynamics are impacting 

competition, and 6.11 concludes. 



99 

 

6.2 Previous studies 

The work to account adequately for intangible investments was pioneered by Carol Corrado, 

Charles Hulten and Daniel Sichel (Corrado et al. 2005, 2009; Corrado and Hulten 2010). Their 

estimates for the United States showed that annual investment in intangibles had grown steadily 

from the 1970s and overtook investment in physical assets in the mid-1990s.This work was 

extended to a number of other advanced economies by Corrado et al. (2012) and Corrado et al. 

(2016). This showed that investment in intangibles had reached 7.2% of GDP on average in 14 

EU countries between 2000 and 2013, compared to tangible investments of 9.2% of GDP. 

While the growth of intangible assets is in itself noteworthy, it is all the more important given 

their very specific characteristics. Haskel and Westlake (2018) set out four ways in which 

intangible investments differ from physical assets.  

1. Firstly, intangible investments are more likely to be scalable. For example, anti-viral 

software capable of protecting one computer could just as well protect 1,000,000 at 

almost no additional cost to the firm that produced it. Scalability tends to produce larger 

and more profitable firms, particularly when network effects are important.   

2. They typically represent a sunk cost, as they are often specific to the firm and difficult 

to separate from the firm’s other assets, meaning they are difficult to sell in a secondary 

market. While it is possible to sell some intangible assets such as patents, they tend to 

be the exception. This also means that intangible assets are difficult to collateralise and 

finance, which may reduce investment, particularly for smaller, more capital 

constrained firms.   

3. Intangible investments generate spillovers. It is possible for other firms to copy designs, 

or learn from technology or specific management practices. This means that other firms 

can extract value from them, which may reduce investment incentives. It also means 

that firms that are adept at capturing spillovers will be more successful.   

4. Lastly, intangible investments tend to have synergies with each other. In a productivity 

context, the literature has established significant complementarities between 

management skills and IT investments, for example. Synergies matter because they 

have the opposite effect of spillovers – they encourage firms to collaborate with other 

firms in the search for new ideas. They also create alternative ways of benefitting from 

intangible assets; “building synergistic clusters of intangible investments, rather than 

protecting individual assets” (p. 86).         
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Haskel and Westlake (2018) state that these four properties produce two more general 

characteristics of intangible assets – uncertainty and contestedness. While all investments are 

uncertain to some degree, intangible investments carry significant risk, both positive and 

negative. Sunkenness means that little value may be left if an investment fails. However, if it 

is successful, higher rewards may be on offer due to intangible scalability, while positive 

synergies may open up further opportunities.  

Intangible investments are also often contested, in that people and businesses vie for ownership 

and influence. This is partly a function of spillovers, as businesses benefit from the investments 

of others, but also synergies. When combinations of intangibles are particularly valuable, the 

benefits to those who are sufficiently well placed in the network can be considerable.   

6.2.1 Firm-level studies 

A number of studies examine one or more individual components of intangibles at the firm 

level. Evidence of synergies between intangible assets is a notable feature, with strong links 

between IT investments, human capital and management/organisational practices particularly 

evident. Brynjolfsson and Hitt (1996) found that information system spending made a 

substantial contribution to firm output, and later found that IT, workplace organisation methods 

and human capital interactions positively predicted firm productivity (Brynjolfsson et al. 

2002). 

Bloom et al. (2012) find that US multinational affiliates gain more productivity from their IT 

capital and use IT more extensively. These US-owned firms have higher scores on their ‘people 

management’ practices which are based on policies for promotions, rewards, hiring and firing. 

These practices account for most of the higher IT-based output elasticity. Van Reenen (2018) 

states that the combination of heterogeneous technological and managerial capabilities can 

account for a large part of the substantial, and increasing, productivity differences across firms.  

The synergistic aspect was reinforced by Gal et al. (2019), when examining the impact of 

digital adoption. They found robust evidence that digital adoption at the industry level is 

associated with productivity gains at the firm level, but it was notable that the impacts were 

stronger for more productive firms, and weaker in the presence of skill shortages. They stated 

that this points to complementarities between digital technologies, human capital and other 

forms of intangible capital. Bajgar, Calligaris, et al. (2019) looked at the manufacturing sector 

specifically and also found that digital adoption is correlated with productivity on average, but 

the impacts are concentrated on productive firms with complementary digital and management 

skills. 
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6.2.1.1 Valuing Intangibles at the Firm Level 

Attempts to assess the total value of a firm’s intangible assets have been undertaken in Hulten 

and Hao (2008), Eisfeldt and Papanikolaou (2013, 2014), Peters and Taylor (2017), Falato et 

al. (2020) and Ewens et al. (2021). Many of assumptions used in these firm-level studies were 

based on the work of Corrado, Hulten and Sichel outlined earlier. Hulten and Hao (2008) used 

their estimates of intangible capital to supplement book value in order to better account for the 

market value of a number of US public firms. In addition, Eisfeldt and Papanikolaou (2013, 

2014) pointed out that part of the reason market values may diverge from asset values is that 

shareholders cannot appropriate the full value of the human element of intangible capital.  

Meanwhile Falato et al. (2020) formulate a model to explain the rise of US corporate cash 

holdings, concluding that a shift towards intangible capital shrinks the debt capacity of firms 

and leads them to optimally hold more cash. Peters and Taylor (2017) use their estimates of 

intangible assets in order to examine whether accounting for these assets improves the 

investment - q relationship. They find that the R² for regressions of investment rates on q using 

intangible plus physical capital (‘total q’) are significantly higher than for physical capital alone 

(further details on their method are provided in Section 6.4). Ewens et al. (2021) built on the 

work of Peters and Taylor (2017) by using market data from stock prices and firm exits to 

improve the parameter estimates used to generate the intangible capital valuations.  

6.2.2 Intangibles and competition 

Bajgar et al. (2021) find strong links between intangible investments and changes in industry 

concentration. They find a correlation between intangible investment intensity and changes in 

industry concentration (as measured by the share of the 8 largest firms by industry sales) of a 

country-industry, which is robust to the inclusion of various other factors which could 

potentially increase concentration, such as investment in tangible assets and digital intensity. 

(It is worth noting that the fact that tangible investments are not positively related to increased 

concentration suggests it is more than a ‘high fixed cost’ story).   

Interestingly, the authors find that the relationship between industry concentration and 

intangibles is stronger in country-industries that are more open to trade and more digital 

intensive. They state that the scalability of intangibles should mean they are more valuable to 

companies in more open economies. They also note that adopting new technologies requires 

investment in intangibles (such as training and workplace reorganisation), and this could make 

intangibles particularly conducive to growth of the largest firms in digital-intensive industries, 

as well as those in more open economies.  
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De Ridder (2021) puts forward a model where increased investment in intangible assets boosts 

productivity in the short term, but dampens it in the long term. He uses French firm-level data 

and finds a link between intangible investments, rising concentration, lower dynamism, slower 

productivity growth and rising markups. He develops a model, calibrated with the French data, 

in which intangibles reduce marginal costs and raise fixed costs, which give firms with low 

adoption costs a competitive advantage. This advantage dampens dynamism and innovation, 

producing a short-term increase in productivity, but a longer-term decline.  

Similarly, Aghion et al. (2022) proposed a model based on endogenous growth theory where 

rising concentration is driven by lower firm-level costs of spanning multiple markets (due to 

IT advances). The most efficient firms spread into new markets, thereby generating a temporary 

burst of growth. Because their efficiency is difficult to imitate, less efficient firms find it more 

difficult to enter profitably and innovate less, reducing growth over the longer term. 

6.3 Research questions 

We can conclude from the literature that growth in intangible investments is very significant, 

and may have substantial implications for competition given the fundamental differences to 

physical capital. Like Bajgar et al. (2021) and de Ridder (2021), the thesis addresses the 

relationship between intangible assets and competition. The distinctive aspect of this work is 

its data innovation. Estimates of intangibles are based on the work of Peters & Taylor (2017) 

and Ewens et al. (2021) so that the analysis accounts for all intangible assets at the firm level. 

These estimates are used to assess two broad questions: 

1) Are the increases in intangible investment reflected in changing production dynamics 

at the firm level, as indicated by industry production functions?  

2) If these production dynamics are changing, are they impacting competitive dynamics? 

6.3.1 Increases in intangible investment and firm-level production dynamics 

Firstly, the thesis uses the intangibles data to estimate production functions for individual 

industries which include intangible capital and examine the changes over time. It then uses the 

results to assess some of the drivers of intangible capital intensity. For example,  

▪ is intangible capital a more significant element of the production function in digital 

intensive industries? 

▪ is intangible intensity linked to the growth in the services industries? 

▪ is firm size related to intangible intensity?    
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6.3.2 The impact of production dynamics on competitive dynamics 

Secondly, the thesis examines if some of the properties of intangible investments are altering 

competitive dynamics. There are a number of ways in which these predictions may be tested 

using firm-level data (following Haskel and Westlake (2018)).  

▪ Greater scalability could lead to higher average levels of growth for successful firms in 

intangible intensive industries.  

▪ Scalability, synergies and sunkenness could lead to increased profit volatility, 

reinforced by the fact that changing production technologies are leading to a greater 

share of fixed costs.  

▪ Synergies and spillovers could increase the gaps in profitability and productivity 

between the most successful firms and the laggards.  

The thesis returns to these issues in Section 6.9.  

6.4 Data 

Firm-level financial data was obtained from the Compustat database. Estimates of intangible 

capital stocks were created from this data using a method derived from Peters and Taylor 

(2017) and Ewens et al. (2021). Peters and Taylor (2017) estimate intangible capital as the sum 

of a firm’s knowledge capital and organisational capital. Knowledge capital is obtained by 

applying the perpetual inventory method to the firm’s past R&D expenditures. The remainder 

of intangible assets are classified as organisational capital, where the key assumption is that 

30% of SG&A expenditure constitutes investment in the organisational capital stock (on assets 

such as human capital, brand, IT systems and organisational processes). The other 70% are 

assumed to support the current period’s production only. The 30/70 assumption follows the 

work of Hulten and Hao (2008) and Eisfeldt and Papanikolaou (2013, 2014), and is derived 

from the work of Corrado, Hulten and Sichel. They also apply the perpetual inventory method 

to obtain stocks of intangible assets over time.  

One element of Peters and Taylor’s (2017) intangible measure that is distinct from earlier work 

is their inclusion of balance sheet intangibles (primarily goodwill from externally acquired 

assets). The authors note that their results are almost identical when this is excluded. They also 

adjust SG&A and COGS to account for the fact that R&D expenditures are typically included 

within SG&A, and occasionally in COGS. These variables are henceforth referred to as 

adjusted SG&A (ASGA) and adjusted COGS (ACOGS). Full details of the method are 

available in Peters & Taylor (2017). 



104 

 

Ewens et al. (2021) develop this method by utilising market data from stock prices and firm 

exits to improve key parameter estimates for the accumulation of intangible capital. A key 

finding of their work is that the fraction of SG&A classified as investment in organisational 

capital (as opposed to an immediate expense on the profit and loss statement) varies by 

industry, in contrast to the single 30% rate used by Peters and Taylor (2017). The fractions 

calculated using their preferred ‘firm exit’ estimation method range from 19% in the Consumer 

industries, to 44% and 49% in the High Tech and Health industries respectively. The other key 

parameter of interest is the depreciation rate of knowledge capital (accumulated R&D 

expenditure). Their estimates here are similar to existing BEA estimates. The parameter 

estimates used in this chapter are based on the work of Ewens et al. (2021), and both sets of 

parameters are outlined in Appendix 7.  

The inclusion of organisational capital stands in contrast to Chiavari and Goraya (2022) who 

exclude it on the basis that SG&A includes many items unrelated to intangible capital and they 

are concerned about measurement error. While there is no doubt that SG&A includes items 

that are unrelated to intangible capital, the approach of accounting for this in a robust manner 

by using the estimates of Ewens et al. (2021) is strongly preferred to omitting the category. As 

data from Corrado et al. (2016) shows, spending on ‘economic competencies’ (organisational 

capital and training) typically constitutes one third or more of total intangible spending. To 

omit such a substantial portion of intangible spending risks far greater measurement error.   

6.4.1 Deflating the data 

Deflators for gross output, labour costs and intermediates were obtained from the BEA, while 

deflators for fixed capital were taken from OECD STAN. A principle was adopted whereby 

the most granular deflator available was used for each variable, as set out in Section 4.3. For 

gross output data pre-1997, only summary level deflators were available. Two data sets were 

therefore created – one for the period 1997 – 2019 using all three sets of deflators, and another 

series for 1970 – 2019 using gross output deflators at summary level only.     

6.4.2 Variables used in estimating the production functions 

The key variables used to estimate the production functions were the output variable (gross 

sales), four input variables (ACOGS, ASGA, Cost of Physical Capital (CPC) and the Cost of 

Intangible Capital (CIC)), and the proxy variable (capital expenditure).  

Gross sales is the SALE variable in Compustat, deflated by the appropriate gross output 

deflator. ACOGS and ASGA are the COGS and XSGA variables in Compustat, which have 

been adjusted to remove any R&D spending (which is contained in the intangibles measure). 
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They are deflated by the Opex deflator, as outlined in Section 4.3.5. CPC is net property, plant 

and equipment (denoted PPENT in Compustat), deflated by the fixed capital deflator, and 

multiplied by the cost rate of capital. The weighted average CPC is 9.8% for the 1997 – 2019 

data, and 10.6% for the 1970 – 2019 data.   

CIC is equal to the sum of knowledge capital times the cost rate of knowledge capital, plus 

organisational capital times the cost rate of organisational capital, plus balance sheet 

intangibles times the average of knowledge and organisational capital cost rates. Physical 

capital expenditure is the CAPX term in Compustat, deflated by the fixed capital deflator. The 

specifics behind the creation of each of the variables are given in Appendix 8, but further details 

on the cost rates of intangible capital are provided here given their importance.   

6.4.2.1 Cost rates of intangible capital  

The cost rate of knowledge capital equals the federal funds rate minus the inflation rate, plus 

the depreciation rate of R&D. The industry specific depreciation rates of R&D are obtained 

from Ewens et al. (2021). They range from 30 to 46% and are set out in Appendix 7. They 

produce costs of capital which vary from 27% to 52%, depending on the industry and year. The 

mean cost of knowledge capital is 37.4% for the 1997 - 2019 data, and 38.3% for the 1970 – 

2019 data.  

The cost rate of organisational capital is equal to federal funds rate minus the inflation rate plus 

the depreciation rate of organisational capital. The depreciation rate of organisational capital is 

assumed to be 20%, consistent with Peters and Taylor (2017). The average cost of 

organisational capital is 20.3% for the 1997 - 2019 data, and 21.3% for the 1970 – 2019 data. 

The remaining element of intangible capital is comprised of those intangible assets carried on 

the firms’ balance sheets (primarily goodwill from acquisitions). There is no way of identifying 

what elements constitute knowledge capital and what elements constitute organisational 

capital, so they are multiplied by the average of the two costs for each industry/year pair.     

6.4.3 Economic cycles 

The data was split into economic cycles for the purposes of estimating production functions as 

set out in Section 4.4. The cycles are as follows:  
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Table 6-1 Economic cycles 

1970 – 2019 Data 1997 – 2019 Data 

Cycle 1 1970 – 1973   

Cycle 2 1974 – 1979   

Cycle 3 1980 – 1981   

Cycle 4 1982 – 1990   

Cycle 5 1991 – 2000 Cycle 5 1991 – 2000 (data from 1997) 

Cycle 6 2001 – 2007 Cycle 6 2001 – 2007 

Cycle 7 2008 – 2020 (data to 2019) Cycle 7 2008 – 2020 (data to 2019) 

Source: US National Bureau of Economic Research. 

6.4.4 Data cleaning 

The data was put through a range of cleaning steps, including the elimination of zero and 

negative values key variables such as ACOGS, ASGA and Employees. The 1% tails and values 

of more than 3 standard deviations from the mean were also removed, following a number of 

studies such as Calligaris et al. (2018) and De Loecker et al. (2020). In common with many 

studies that estimate production functions, the industries covered are limited to the 

manufacturing and service sectors. Utilities, construction and real estate are also removed. Full 

details of the data cleaning process and the final list of industries (along with their 

corresponding OECD digitalisation taxonomy) are provided in Appendix 9.    

6.4.4.1 Firms with significant losses 

A minority of firms in Compustat make significant financial losses, with costs sometimes a 

multiple of sales. They tend to be small and young, and survive on equity capital from their 

IPO. They create a problem when estimating production functions as a large part of the output 

of these firms is investment in knowledge and organisational capital, the benefits of which may 

not be realised for a number of years.  Current year sales is therefore not a good measure of 

output for these firms.  

The approach is therefore to exclude firms which have a ratio of costs to sales (where costs are 

ACOGS plus ASGA) beyond a certain threshold value. The core results are based firms with 

cost/sales ratios of less than 2, as this reduces the skewness of the cost/sales distribution 

considerably, while only excluding 7% of firms in the 1997 – 2019 data, and less than 5% of 

firms in the 1970 – 2019 data. Such a threshold is ultimately arbitrary, and so the production 

functions were calculated for other thresholds (1.1 and 4). Doing so did not alter the results 

significantly, as shown in Appendix 10. 
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6.5 Estimation framework 

The output elasticities were estimated using a Cobb Douglas production function with four 

inputs: a variable input (ACOGS), a fixed overhead input (ASGA), a physical capital input 

(CPC) and an intangible input (CIC). The thesis employed a 2-stage estimation approach to 

account for unobserved productivity, following Olley and Pakes (2006), and refined by 

Ackerberg et al. (2006, 2015), as set out in Section 3.2.1.   

6.5.1 Estimation approach  

Compustat does not contain data on materials, creating an obvious difficultly for the Ackerberg, 

Caves and Frazer (ACF) approach. It possible to estimate materials indirectly, by using industry 

specific average wage data for the US from the OECD and the number of employees at each 

firm to estimate the wage bill and back out a materials estimate. These figures were compared 

to the actual wage bill for the relatively limited number of firms for which this data is present 

in Compustat. Unfortunately, the median estimates were c. 25% higher, with a large variance.  

However, Compustat does provide good data on investment (the CAPX variable). There are 

c.310,000 CAPX observations greater than zero from 1970 – 2020 (about 75% of total 

observations for the period). The primary drawback of using investment as a proxy is therefore 

not an issue in Compustat, and it was preferred over the more questionable materials estimates. 

The ACF method was used for the core results in order to deal with potential labour rigidities, 

but production function estimates were also carried out following the Olley-Pakes method as a 

robustness check (details of which are provided in Section 6.7.1). 

6.6 Descriptive statistics 

Summary statistics for the main variables over both time periods (1970 – 2019, and 1997 – 

2019) are outlined in Table 6-2. As noted in the introduction, COGS (predominantly a variable 

cost) has declined consistently since the 1980s, while SG&A (principally fixed), has increased. 

During that time, the services sector (which tends to have lower COGS and a larger SG&A 

component) grew in importance relative to manufacturing. 
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Table 6-2 Summary statistics for key variables  

Variable 

Mean 

'70 

Mean 

'97 SD '70 SD '97 

Median 

'70 

Median 

'97 

Obvs. 

'70 

Obvs. 

'97 

Sales 2,261 3,124 10,629 13,738 182 214 183,345 96,369 

Adjusted COGS 1,482 1,934 7,519 9,618 116 111 183,345 96,369 

Adjusted SGA 438 588 1,958 2,469 41 52 183,345 96,369 

Physical Capital Cost 68 90 380 471 3 3 183,345 96,369 

Intangible Capital Cost 312 498 1,802 2,395 15 28 183,345 96,369 

Capital Expenditure 132 180 839 1,065 7 8 168,660 89,743 

Number of Employees 9,243 11,053 37,846 45,977 1,100 1,000 167,897 88,882 

Source: author’s estimates based on Compustat data. All financial data in millions of USD. 

However, the trend of declining COGS is true of both manufacturing and services, as we see 

from Figure 6-3. In fact, the decline has been even greater in manufacturing.   

Figure 6-3 Cost and profit shares by sector 

 
Source: author’s estimates based on Compustat data. 

Turning to Intangible Capital Cost, we can see that the mean value in the 1997 – 2019 period 

is significantly higher than the 1970 – 2019 period. The increase is entirely due to the large 

growth in the stocks of all three categories of intangible assets after 2000, as Figure 6-4 

illustrates. (The cost rate of intangible actually fell slightly post 2000 with lower interest rates.)  

Figure 6-4 Total intangible and physical capital stock 1970 - 2019 

 
Source: author’s estimates based on Compustat data. 



109 

 

Total growth in intangible capital has been significantly higher than for physical capital.  The 

largest growth was generated from balance sheet intangibles (largely goodwill from merger 

and acquisition (M&A) activity). Its share of total intangibles grew from about 9% in 1970, to 

56% in 2019. The thesis now turns to the question of whether this dramatic increase in the 

stock (and associated cost) of intangible capital is reflected in production function estimates.  

6.7 Changing production dynamics 

The shift in input costs from the variable input (ACOGS) to the fixed overhead input (ASGA), 

and from physical to intangible capital is also reflected in production function coefficients.  

Figure 6-5 Mean production function coefficients by cycle 

 
Source: author’s estimates based on Compustat data. 

The thesis finds a substantial rise in the mean value of the overhead and intangible coefficients, 

offset by a large fall in the variable coefficient, with the capital coefficient remaining relatively 

unchanged. Turning to the intangible coefficient specifically, we can see that it has increased 

steadily since 1990, and became larger in magnitude than the physical capital coefficient in the 

most recent cycle.  

Figure 6-6 Mean value of intangible coefficient from cycle 1 to cycle 7 

 
Source: author’s estimates based on Compustat data. 
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6.7.1 Robustness checks 

As discussed in Section 6.4.4, the core results employ a cleaning assumption whereby firms 

with a cost/sales ratio of greater than 2 are removed.  The production functions were also 

calculated using alternative cleaning assumptions where firms with cost/sales ratios of greater 

than 1.1 and 4 were removed. Doing so did not alter the results significantly, and the same 

trends were evident for all production coefficients (i.e. the ACOGS coefficient fell over time, 

while the ASGA and CIC coefficients increased). Mean values for the CIC coefficient in Cycles 

6 and 7 using the 1997 – 2019 data for all four cleaning assumptions are outlined below.   

Figure 6-7 Sensitivity of intangible coefficient to cost/sale cleaning assumptions 

 

Source: author’s estimates based on Compustat data. 

6.7.1.1 Using alternative estimation methods 

As outlined in Section 3.3, the core results were generated using the Ackerberg, Caves and 

Frazer approach with the assumption of a Cobb Douglas production technology. Figure 6-8 

shows estimates of the CIC coefficient using the core method (the ACF method with a Cobb 

Douglas technology) and two alternative methods for Cycles 6 and 7 using the 1997 – 2019 

data. The first is Olley Pakes approach with a Cobb Douglas technology. We can see that the 

estimates are very close in both periods, and indeed this is the case for almost all coefficients 

in all periods (see Appendix 10).  
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Figure 6-8 Sensitivity of intangible coefficient to estimation method 

 

Source: author’s estimates based on Compustat data. 

Translog production technology 

The second alternative method uses a translog rather than a Cobb Douglas specification. The 

Cobb Douglas is widely used in the literature, with its parsimony being an attraction. However, 

using this form makes a number of implicit assumptions, perhaps the most restrictive of which 

are that the output elasticities are constant and do not vary across firms within a given industry. 

As discussed in Section 3.3.5, this is attractive in a markup context as it means that the markup 

estimates produced are robust to bias in the production function estimates when using industry 

fixed effects.  

However, given that one of the main objectives of this chapter is assessing how production 

dynamics are changing, using a flexible functional form as a robustness check is desirable. The 

translog functional form allows elasticities to vary across firms, and so the elasticity for a given 

industry is calculated as an unweighted average for that industry. Those industry averages are 

again averaged to produce the figure above. We see very similar patterns to the results using a 

Cobb Douglas specification, though the magnitudes of the coefficients are slightly smaller.   

6.7.1.2 Using alternative measures of intangible assets 

The core measures of intangible assets are calculated using the assumptions of Ewens et al. 

(2021), outlined in Section 6.4 and Appendix 7, which are an extension on the work of Peters 

and Taylor (2017). The production functions were also calculated using estimates of intangible 

assets based on the Peters and Taylor (2017) parameters which are listed in Appendix 7. The 

key difference is the assumption that 30% of SG&A constitutes intangible investment across 

all industries. The R&D depreciation assumptions are also significantly higher in some 
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industries (notably Health, High Tech, and Manufacturing). Figure 6-9 shows that the mean 

intangible coefficients using the Peters and Taylor (2017) parameters (columns 2 and 6) are 

very similar to the core results using the Ewens et al. (2021) parameter estimates (columns 1 

and 5).    

Figure 6-9 Sensitivity of intangible coefficient to measurement method 

 

Source: author’s estimates based on Compustat data. 

Alternative definition of intangible assets 

All of the previous estimates are based on a firm’s knowledge and organisational capital, as 

well as its balance sheet intangibles (which are a combination of the two). Organisational 

capital does not appear on a firm’s balance sheet, and measuring it is inherently difficult. A 

knowledge capital only measure of intangible capital is therefore used as a robustness check. 

We can see a very significant difference between the knowledge capital only measure using 

the Ewens et al. (2021) assumptions and Peters and Taylor (2017) assumptions. This is perhaps 

no surprise given the significant difference in the depreciation rates, with the higher 

depreciation rates of the Ewens et al. (2021) producing knowledge capital stocks that are 

roughly half the level of those using the Peters and Taylor (2017) assumptions. The result is 

that the intangible coefficients using the Ewens et al. (2021) assumptions (columns 3 and 7) 

are close to zero, while those using the Peters and Taylor (2017) assumptions are similar to the 

intangible coefficients including both knowledge and organisational capital. 

6.7.1.3 Correlation between the estimation methodologies 

A table listing the intangible coefficients produced using each of the methods listed above for 

all 23 NACE 2-digit industries in cycles 6 and 7 is provided in Appendix 10. Pearson and 

Spearman correlation coefficients are also provided. The table below lists a subset of those 
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correlation coefficients – namely between the core results and the alternative estimation 

methods. We can see that the intangible coefficients produced by the different methods tend to 

be strongly correlated. The measures using knowledge capital have the weakest correlations, 

indicating that the measure of intangible capital used has more impact than the estimation 

method.  

It is also notable that the rank of the intangible coefficients tends to be well preserved, as 

indicated by the Spearman rank correlations. This indicates that the results can plausibly be 

used to create categories of industry intangible intensity, in a similar manner to the measures 

of industry digital intensity.     

Table 6-3 Correlation coefficients between core results and alternative methods    

 
Source: author’s estimates based on Compustat data.  

6.8 Potential factors influencing changing production dynamics  

A number of macro trends could be influencing greater use of intangible capital, such as: 

▪ growing digitalisation; 

▪ a shift towards services which may have a greater reliance on intangible rather than 

physical capital; and 

▪ growing importance of very large firms which may also have a greater reliance on 

intangible capital. 

These trends could also reinforce each other – for example, the growing prevalence of large, 

digitally intensive service firms. The thesis now turns to each of these factors in turn and 

assesses how they are related to changing production dynamics.  

6.8.1 Growing digitalisation 

Digital investments are themselves intangible investments, but are also complementary with 

other intangible assets such as technical and managerial skills. Greater levels of digitalisation 

would therefore be expected to be associated with greater intangible intensity. The taxonomy 

Cost / Sale 

1.1

Cost / Sale 

4
Olley Pakes Translog

Peters & 

Taylor

Know. Cap. 

Only

Know. Cap. 

+ P&T

Core Cycle 6 0.93 0.97 0.79 0.74 0.87 0.21 0.37

Core Cycle 7 0.91 0.96 0.81 0.72 0.87 0.34 0.32

Cost / Sale 

1.1

Cost / Sale 

4
Olley Pakes Translog

Peters & 

Taylor

Know. Cap. 

Only

Know. Cap. 

+ P&T

Core Cycle 6 0.91 0.94 0.72 0.71 0.88 0.26 0.31

Core Cycle 7 0.92 0.95 0.79 0.76 0.89 0.32 0.41

Pearson Correlation Coefficients - Intangible Coefficients from Core Results vs. Robustness Checks

Spearman Rank Correlation Coefficients - Intangible Coefficients from Core Results vs. Robustness Checks
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of industry digitalisation developed by Calvino et al. (2018) and set out in Section 5.5.1 is again 

employed to assess differences across industries. Those industries lying above the digitalisation 

median are assigned a dummy value of 1 and referred to as ‘digital intensive’.  

While the thesis found substantial growth in the intangible coefficient in the latest cycle, it has 

been much stronger in digital intensive industries (Figure 6-10). The difference is statistically 

significant at the 5% level based on a two-sided t-test.  

Figure 6-10 Intangible coefficients by cycle and digitalisation median 

 
Source: author’s estimates based on Compustat data. 

Figure 6-11 shows that when the digital intensive industries are split into the third and fourth 

quartiles of digitalisation, the large increase in the latest cycle is due to the most digitised 

(quartile 4) industries. The difference is not statistically significant, however.  

Figure 6-11 Intangible coefficients by cycle and digital quartile 

 
Source: author’s estimates based on Compustat data. 

6.8.2 Growth in services 

If manufacturing and service firms tend to have different production technologies on average, 

then changes in the relative importance of manufacturing and services could have an impact on 

the estimates. 
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Figure 6-12 Intangible coefficients by sector 

 
Source: author’s estimates based on Compustat data. 

The intangible coefficients tend to be larger on average in services, with the differences 

becoming more pronounced in recent cycles. In the last period the difference is statistically 

significant at the 10% level based on a two-sided t-test.  

6.8.3 Digital and services combined 

We have seen that the intangible coefficient tends to be larger in digital-intensive industries. 

The thesis also examined if the relationship with digital intensity holds within each of the 

manufacturing and services sectors. 

Figure 6-13 Intangible coefficients by cycle, sector and digitalisation 

 
Source: author’s estimates based on Compustat data. 

Figure 6-13 indicates that digital intensive manufacturing and service industries consistently 

display larger intangible coefficients than their less digital intensive equivalents. The 
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differences are not statistically significant at the 10% level, albeit with extremely limited 

degrees of freedom.    

6.8.4 Scale 

If firms of different sizes have different production technologies, this could also influence the 

changing production dynamics. Larger firms tend to have a slightly different cost structures on 

average, with higher proportions of COGS and lower proportions of SG&A costs13. The 

proportion of larger firms in Compustat is also growing. As Figure 6-14 below shows, the 

proportion of firms of 5,000 + employees in the final sample has grown steadily since the turn 

of the century, and now accounts for the largest group. This has come at the expense of firms 

of 500 employees or less, which has declined substantially over the same period.   

Figure 6-14 Intangible coefficients by firm size 

 
Source: author’s estimates based on Compustat data. 

Splitting the data into the three size groups above and estimating separate production functions 

for each size group does not produce statistically significantly different intangible coefficients. 

As set out in Figure 6-15, there are substantial differences in the ASGA input shares and 

coefficients, however.  

  

 
13 For example, in the final sample in Cycle 7, firms of 5,000 + employees had COGS of 65% of sales and SG&A 

of 16% of sales on a weighted average basis, while the equivalent figures for firms of less than 500 employees 

were 58% and 23%. 
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Figure 6-15 ASGA coefficients by firm size and cycle  

 
Source: author’s estimates based on Compustat data. 

The smallest size group has statistically significantly larger ASGA input shares relative to the 

two larger groups (at the 10% level at a minimum, but typically stronger). The ASGA output 

elasticity is also larger, though not usually statistically significantly so. Interestingly, when we 

divide the output elasticity by the input share, we see that the ratio tends to be larger for the 

two largest size groups (and for the largest group in the Cycle 7 in particular). This indicates 

that they get relatively more output per unit of ASGA input, and is suggestive of economies of 

scale with regard to the fixed overhead input.   

This is noteworthy given the cost trends noted at the outset, where ACOGS have declined, with 

ASGA rising, but not enough to offset the fall in ACOGS (with the result that EBIT has been 

increasing). It would appear that larger firms may have a greater capacity to take advantage of 

these trends. If we split the Compustat data displayed in Figure 6-1 into equivalent figures for 

the 3 size groups above, we see that the biggest difference relates to overhead costs. Table 6-4 

shows a comparison of the cost and profit shares for Size Groups 3 and 1. The difference in 

overhead share has increased, and contributes to higher EBIT margins for Size Group 3 firms.   

Table 6-4 Percentage point difference in cost shares by firm size (Size Group 3 vs. 1)  

Cycle 

Adj. COGS 

Share 

Adj. SGA 

Share R&D Share 

Dep. & Amt. 

Share EBIT Share 

1  ('70 - '73) 0.8% -3.5% 0.3% 1.8% 2.4% 

2  ('74 - '79) 0.0% -3.9% 0.6% 1.4% 3.3% 

3  ('80 - '81) 1.0% -4.1% 0.7% 0.8% 2.4% 

4  ('82 - '90) 1.6% -5.5% 0.0% 0.2% 3.9% 

5  ('91 - '00) 3.1% -7.0% -2.4% 0.8% 6.2% 

6  ('01 - '07) 9.7% -11.9% -4.4% 0.4% 6.4% 

7  ('08 - '19) 13.6% -15.0% -3.7% 0.2% 5.0% 

Source: author’s estimates based on Compustat data. 
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6.8.5 Summary of intangible drivers 

The increased intangible coefficient is driven by digital intensive categories, and specifically 

the most digitised (4th quartile) industries. We also see a difference between manufacturing 

and services, with the service sector intangible coefficients increasing relative to manufacturing 

in the most recent cycle. Splitting industries by both digitalisation and services, we see that 

digital intensive industries in both categories tend to have higher intangible coefficients. 

Firm size does not have a significant bearing on the intangible coefficient. However, firms of 

different sizes do have differing production technologies, with significant differences in the 

fixed overhead (ASGA) input shares and coefficients. Larger firms have relatively lower 

overhead costs - evidence of economies of scale which could be contributing to their higher 

profitability.   

6.9 The influence of changing production dynamics on competition 

It would appear then that production technologies are changing, with digitalisation being a 

major factor associated with these changes. The question then turns to the impact these changes 

are having on competitive dynamics.  

6.9.1 Do we see faster growth in intangible intensive industries? 

The scalability of intangible assets could lead to higher average levels of growth amongst 

successful firms in intangible intensive industries. Each of the industries were divided into 4 

quartiles of intangible intensity according to the average of their intangible coefficients using 

the two estimation methods (ACF and Olley Pakes) in each cycle.  There are also two sets of 

deflators for post 1997 data, and so we have four sets of estimates for Cycles 6 and 7 (two for 

each set of deflators). Those with the lowest average intangible coefficients comprised quartile 

1, with the highest constituting quartile 4. Industries above the intangible median in quartiles 

3 and 4 are designated ‘intangible intensive’, with those below the intangible median as ‘less 

intangible intensive’. Full details are provided in Appendix 2.    

Unweighted and weighted mean levels of sales growth were calculated for each industry in 

each cycle (given that sales growth varies over an economic cycle, the means were taken over 

an entire cycle). Focusing on the most recent two cycles, the thesis found higher average levels 

of growth in industries above the intangible median. Figure 6-16 shows the average values for 

those industries above and below the intangible median in Cycles 6 and 7. We can see 

particularly large differences in unweighted means, suggesting that smaller firms in intangible 

intensive industries can scale quickly. Similar trends are also evident for industries above and 
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below the digitalisation median, reinforcing the links between intangibles and digitalisation. 

Indeed, of the 12 industries classed as intangible intensive in Cycle 7, 9 are also classed as 

digital intensive. There are however six additional industries classified as digital intensive 

which are not intangible intensive, so similarities are not entirely due to the common 

classifications. 

Figure 6-16 Sales growth by intangible and digitalisation median 

 
Source: author’s estimates based on Compustat data. 

6.9.2 Do we see greater profitability variation? 

Intangible investments carry greater uncertainty due to their sunkedness on the one hand, and 

their scalability and potential for synergies on the other. Coefficients of variation of EBIT were 

calculated for each firm in each cycle in order to see if this uncertainty translates into greater 

variation in profitability14.  

When the results for each firm are averaged, we see evidence of greater profit variation over 

time, as illustrated in Figure 6-17. The second graph splits the results by intangible intensity, 

and we see substantially more variation in intangible intensive industries15. We see similar 

trends for less and more digital intensive industries (0.89 vs. 1.09 for 2001 – 2007, and 0.98 

vs. 1.05 for 2008 – 2019).    

  

 
14 Any firm with average EBIT of less than $1m was dropped, as EBIT numbers which approach zero will result 

in extremely large coefficients of variation. 

15 Cycles 1- 3 are not shown for the sake of readability, but the same pattern applies. The splits by less/more 

intangible intensive are 0.48/0.59, 0.61/0.64 and 0.39/0.44.   
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Figure 6-17 Mean coefficient of variation of EBIT by firm and time period 

 
Source: author’s estimates based on Compustat data. 

6.9.3 Are big firms getting bigger? 

There are a number of reasons to believe that greater use of intangible assets could lead to 

increasing firm size. Firstly, digital assets help firms deal with complexity - a key diseconomy 

of scale. In addition, the model by Crouzet et al. (2022) described in Section 3.2.3 shoes how 

optimal scale increases with the level of non-rivalry of a firm’s intangible assets. Given that an 

increasing share of production is carried out with intangible assets, it is natural to expect that 

this could lead to larger firms on average.  

Figure 6-18 Mean firm size in Compustat by digital intensity   

 
Source: author’s estimates based on Compustat data. 

The figure above shows that the mean firm size of firms in Compustat did not change greatly 

until the turn of the century. The data is split out according to industry digital intensity post 

1991, and we can see that both categories being to rise after 2000, with the average firm size 

in the digital intensive category becoming substantially larger in the 2010s. The median 

equivalents show a similar pattern (not shown here for the sake of clarity). While there are a 
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number of factors influencing this data, it is interesting to note that firm size begins to increase 

in the internet era, and that the increase has been larger in the digital intensive category.    

6.9.4 Do we see higher ARP of intangible capital in larger firms? 

The Crouzet et al. (2022) model shoes how the non-rivalry of intangible capital can create 

increasing returns to scale. This non-rivalry means that the same intangible asset can be used 

across a number of locations (with the extent of this use dictated by the degree of non-rivalry). 

This contrasts with physical capital, where of course a given physical asset can only be used in 

one location. In the model the average revenue product (ARP) of intangible capital will increase 

with the degree of non-rivalry and, all else equal, firm size. The average revenue of physical 

capital remains constant over any span/scale.  

Turning to the Compustat data, the ARP of intangible capital is calculated as the log of sales 

less the log of intangible capital stock for each firm (all in real terms). The ARP of physical 

capital is log real physical capital (PPENT) minus the log of real sales. If we plot the average 

values for each firm by size group over the period from 1970 – 2019, we see an interesting 

contrast between intangible and physical capital.  

Figure 6-19 ARP of intangible capital and physical capital by Size Group   

 
Source: author’s estimates based on Compustat data. 

We can see that the ARP of intangible capital tends to increase quite significantly with size, 

while the ARP of physical capital declines slightly. If we split the data out further according to 

digital intensity, we again see an interesting contrast in patterns in the case of intangible capital 

(the patterns for physical capital are very similar for the digital intensive and less digital 

intensive categories). While there is a positive relationship between size and the ARP of 

intangible capital for the less digital intensive category (the left-hand graph below), the ARP 

for the largest size group is well below that of Size Group 3. In contrast, the ARP of intangible 

capital increases systematically with size in the digital intensive category, shown on the right. 

It is also notable that that the magnitude of the ARP tends to be lower for each size group in 
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the digital intensive category, though it should be noted that industries in the digital intensive 

category tend to have considerably higher stocks of intangible capital than those in the less 

digital intensive category.        

Figure 6-20 ARP of intangible capital and physical capital by Size Group   

 
Source: author’s estimates based on Compustat data. 

6.9.4.1 Are intangibles contributing to greater profitability gaps? 

Figure 6-21 presents the difference between average EBIT margin of the top 8 firms by sales 

in each of the 23 industries versus all other firms across all 7 cycles since 1970. We can see 

clear evidence of an upward trend for both the mean and median difference, albeit with a 

decline in the most recent cycle.   

Figure 6-21 Difference between top 8 EBIT margins and all other firms  

 
Source: author’s estimates based on Compustat data. 

In addition, each of the firms in the sample were ranked according to their level of sales as well 

as their stock of intangible assets. Figure 6-22 illustrates how the EBIT margins of firms in the 

top 3 deciles of sales/intangible assets evolved relative to firms in the bottom three deciles of 

those categories. We see that while the largest firms in terms of sales generally have higher 
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margins, the differences are quite cyclical and tend to rise and fall with no real trend. In 

contrast, the largest firms by intangible assets appear to display more persistent profitability 

gaps versus the smallest, with a clear upward trend since the turn of the century.  

Figure 6-22 Relative EBIT margin by sales and intangible decile 

 
Source: author’s estimates based on Compustat data. 

6.9.4.2 Relationship Between Profitability and Intangible Investment 

To address the question of whether intangible capital is a factor in the increasing profitability 

gaps between leaders and laggards, the thesis looks at the relationship between profit margin 

and physical and intangible capital, as well as a number of control variables for the last two 

economic cycles (2001 - 2019). EBIT margin is used as the measure of profitability, and the 

thesis examines how it varies with intangible capital, employing a dummy variable for the top 

8 firms in each of the 23 NACE Rev. 2 industries. This allows the thesis to contrast the marginal 

impact of intangible capital for the top 8 firms in a given industry with the marginal impact for 

all other firms16.   

  

 
16 The top 8 was chosen as it is a preferred measure of concentration as per the OECD (Bajgar, Criscuolo and 

Timmis, 2021). Further regressions with the top 3 firms by NACE Rev. 2 A38 and NACE Rev. 2 A64 (54 

industries) are provided in Appendix 12. These display similar patterns to those outlined here. 
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Table 6-5 Relationship between profit margin and intangible capital  

  (1) (2) 

Dependent Variable 

Log EBIT 

Margin 

Log EBIT 

Margin 

   
Log Sales -0.513*** -0.364*** 

 (0.014) (0.021) 

Log Age -0.188*** -0.020 

 (0.016) (0.016) 

Log MFP  1.847*** 

  (0.058) 

Log Physical Capital 0.231*** 0.196*** 

 (0.008) (0.011) 

Top 8 Dummy -0.520** -0.087 

 (0.206) (0.235) 

Top 8 Dummy x Log Physical Capital -0.103*** -0.104*** 

 (0.026) (0.030) 

Intangible Capital 0.234*** 0.213*** 

 (0.010) (0.013) 

Top 8 Dummy x Log Intangible Capital 0.163*** 0.095*** 

 (0.031) (0.036) 
   

Observations 56,128 33,332 

R-squared 0.165 0.341 

Year FE YES  
Cluster FIRM FIRM 

Industry/Year FE NO YES 

Errors clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1 

Source: author’s estimates based on Compustat data 

 

There is an interesting contrast in Table 6-5 between physical and intangible capital. Both have 

a positive impact on EBIT margin for the majority of firms, but the marginal impact for the top 

8 firms per industry is quite different. While the marginal impact of physical capital is lower 

for the top firms, it is considerably higher for intangible capital. This provides a clear 

illustration of the scalability of intangible assets. The fact that physical capital does not have 

the same relationship also shows that it is not just a ‘large fixed cost’ story.  

A number of other aspects are also worth noting. The second regression includes industry/year, 

as well as yearly fixed effects. We can see that this reduces the magnitude of the Top 8 dummy 

slightly, but it remains large and statistically significant at the 1% level. Industry specific 

factors therefore have somewhat of an influence the magnitude of the effect, but it remains 

after controlling for them.  

We can also see that this effect is economically significant. Taking the values in the second 

regression, a 10% increase in intangible assets, all else equal, would increase profit margins 

for a top 8 firm by about 3.1%. This marginal impact is second only to multifactor productivity 
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(taken from the ACF production function regressions), where a 10% increase would lead to a 

18.5% increase in margin, all else equal.  

The second regression including industry/year fixed effects is now split into separate 

regressions for each economic cycle (2001 – 2007, and 2008 – 2019). Perhaps unsurprisingly 

given the patterns seen in the production functions, we see a significant increase in the impact 

of intangible capital in the most recent cycle. While the marginal impact of physical capital is 

relatively consistent, the intangible capital coefficient and the top 8 intangible interaction term 

increase significantly.    

Table 6-6 Relationship between profit margin and intangible capital split by cycle 

  (1) (2) 

Dependent Variable 

Log EBIT 

Margin 

Log EBIT 

Margin 

Economic Cycle 2001 - 2007 2008 - 2019 

   
Log Sales -0.368*** -0.363*** 

 (0.025) (0.025) 

Log Age -0.025 -0.012 

 (0.019) (0.019) 

Log MFP 2.083*** 1.772*** 

 (0.084) (0.072) 

Log Physical Capital 0.201*** 0.195*** 

 (0.014) (0.013) 

Top 8 Dummy 0.578** -0.553* 

 (0.271) (0.292) 

Top 8 Dummy x Log Physical Capital -0.100*** -0.107*** 

 (0.038) (0.034) 

Intangible Capital 0.180*** 0.229*** 

 (0.017) (0.016) 

Top 8 Dummy x Log Intangible Capital 0.031 0.140*** 

 (0.040) (0.043) 

   
Observations 12,600 20,732 

R-squared 0.352 0.334 

Industry/Year FE YES YES 

Cluster FIRM FIRM 

Errors clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1 

Source: author’s estimates based on Compustat data 

 

In Table 6-7 the intangible capital variable is split into its constituent parts: knowledge capital 

(capitalised R&D expenditure); organisational capital (capitalised SG&A expenditure); and 

balance sheet intangibles (primarily goodwill from acquisitions). The thesis examines if the 

scale effect is consistently evident, and we see an interesting contrast between balance sheet 

intangibles on the one hand and organisational capital on the other. The Top 8 dummy is 

insignificant in the case of balance sheet intangibles, but positive and significant for 
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organisational capital. This is suggestive of the lack of scale advantages with respect to 

acquisitions (the primary source of balance sheet intangibles), but significant advantages with 

respect to organisational capital. The knowledge capital dummy is also positive, but only 

significant in Cycle 6. The results suggest that the majority of the intangible benefit is derived 

from a firm’s organisational capital. This provides empirical backing to the model of Aghion 

et al. (2022), where the scalability of overhead costs is a source of economies of scale.  

Table 6-7 Relationship between profit margin and intangible capital split by intangible 

type 

  (1) (2) (3) 

Dependent Variable 

Log EBIT 

Margin 

Log EBIT 

Margin 

Log EBIT 

Margin 

Cycle 6 & 7 ('01 - '16) 6 ('01 - '07) 7 ('08 - '16) 

    
Log Sales -0.089*** -0.135*** -0.076** 

 (0.029) (0.037) (0.036) 

Log Age -0.007 -0.026 0.010 

 (0.022) (0.028) (0.026) 

Log MFP 1.833*** 1.986*** 1.879*** 

 (0.078) (0.108) (0.100) 

Log Physical Capital 0.134*** 0.141*** 0.136*** 

 (0.015) (0.020) (0.018) 

Top 8 Dummy 0.025 0.404 -0.175 

 (0.268) (0.319) (0.334) 

Top 8 Dummy x Log Physical Capital -0.201*** -0.208*** -0.189*** 

 (0.041) (0.052) (0.048) 

Balance Sheet Intangible Capital 0.009*** 0.004** 0.013*** 

 (0.001) (0.002) (0.002) 

Top 8 Dummy x Log Balance Sheet Intangible Capital -0.004 -0.008** 0.005 

 (0.005) (0.004) (0.019) 

Knowledge Capital 0.001 -0.012*** 0.005 

 (0.004) (0.004) (0.005) 

Top 8 Dummy x Log Knowledge Capital 0.018 0.030** 0.013 

 (0.012) (0.014) (0.014) 

Organisational Capital 0.034 0.032 0.039 

 (0.021) (0.027) (0.027) 

Top 8 Dummy x Log Organisational Capital 0.174*** 0.156*** 0.167*** 

 (0.046) (0.051) (0.060) 

    
Observations 17,852 6,085 11,767 

R-squared 0.289 0.318 0.283 

Industry/Year FE YES YES YES 

Cluster FIRM FIRM FIRM 

Errors clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1   
Source: author’s estimates based on Compustat data 
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6.9.4.3 Profitability and Intangibles at the Industry Level 

The above firm-level regressions illustrate that intangible assets are providing greater 

advantages to firms with the scale to take full advantage of them. A natural follow-up question 

is to assess if this impact comes through at the industry level by examining the relative 

importance of intangible related factors in explaining the growing gaps in profitability between 

industry leaders and other firms outlined at the start of this section.  

The thesis calculates the gap in EBIT margin between the top eight firms by sales in each of 

the 23 NACE Rev. 2 industries and the other firms in those industries (using the respective 

means) for cycles 6 and 7 (2001 – 2019). It explores how much of this gap can be explained 

by various industry level measures, including the relative intangible intensity of firms in the 

top eight by sales (intangible capital divided by total capital), and whether the industry is 

classified as ‘intangible intensive’, as outlined previously.  

A number of controls are employed, including the market share of the top eight firms, the skill 

intensity of the industry (as proxied by the mean percentage of labour with a college degree), 

the mean age of firms in the industry, the mean percentage of fixed costs in the industry 

(following De Ridder (2021)), a digital dummy, and dummies representing the sector (services 

or manufacturing) and the relative openness of the industry. Details on these variables are 

provided in Appendix 13.  

We can see that the intangible intensity of the top 8 firms is strongly correlated with the industry 

margin gaps. A 1% change in the percentage intangible intensity is associated with an 

approximately 2% increase in the margin gap. The second regression standardises the right-

hand side continuous variables in order to more easily gauge their relative impact. We can see 

that the intangible intensity, the percentage of fixed costs, the mean firm age, and whether the 

sector is services or manufacturing are the most important factors associated with the profit 

gaps.  

The magnitude of the fixed cost term is notable. We saw in Section 6.8.4 that larger firms get 

more output out of ASGA per unit of input than smaller firms. It is perhaps no surprise then 

that greater levels of fixed cost are associated with larger profit gaps.    
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Table 6-8 Factors influencing profit gaps between leaders and laggards (NACE A38) 

  (1) (2) 

  

Top 8 EBIT 

Margin Gap 

(Mean) 

Top 8 EBIT 

Margin Gap 

(Mean) 

   
Log Top 8 Market Share 2.821*** 0.730*** 

 (1.079) (0.279) 

Log Mean Top 8 Intangible Capital Intensity 1.914*** 0.993*** 

 (0.650) (0.337) 

Log Percentage of Labour with College Degrees -1.910* -0.779* 

 (1.012) (0.412) 

Mean Firm Age -0.561*** -4.484*** 

 (0.073) (0.584) 

Mean Estimate of Percentage Fixed Costs 0.241*** 4.331*** 

 (0.032) (0.032) 

Intangible Dummy -0.149 -0.149 

 (0.718) (0.718) 

Digital Dummy 0.627 0.627 

 (0.685) (0.685) 

Services Dummy -7.835*** -7.835*** 

 (0.919) (0.919) 

Industry Openness Dummy -0.235 -0.235 

 (0.818) (0.818) 
   

Observations 402 402 

Standardised Variables NO YES 

R-squared 0.656 0.656 

Year FE YES YES 

Errors clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1  
Source: author’s estimates based on Compustat data  

 

6.9.5 Is the growth of intangible capital influencing competition? 

It appears that that intangible assets are having a progressively greater impact on competitive 

dynamics. We observe higher levels of average sales growth and greater profit volatility in 

intangible intensive industries, consistent with expectations. We also see that intangible assets 

have a positive influence on profitability, and that the effect is substantially greater for the 

largest firms in each industry. This size premium has grown over time, and is particularly 

associated with organisational capital. This is feeding through to industry level dynamics, with 

intangible factors being strongly associated with profit gaps between leaders and laggards.    

6.10 The scalability of intangibles 

The marginal impact of intangible assets on profitability is greater for the largest firms in each 

industry. These firms tend to be extremely large (over 100,000 employees on average), and this 

does not indicate if scale effects apply over a wider range of firm sizes. The thesis now assesses 
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the relationship between scale and the efficacy of intangible assets over five different size 

groups as presented in Table 6-9. 

Table 6-9 Summary statistics by size group (2001 – 2019) 

Size 

Group N. Employees N. Obvs. Frequency 

Mean Sales 

($m) 

Mean EBIT 

Margin 

Median EBIT 

Margin 

1 < 50 3,649 5% 11 -10.2% -5.1% 

2 50 - 499 22,850 32% 66 6.1% 6.5% 

3 500 - 4,999 24,632 35% 625 9.6% 7.8% 

4 5,000 - 49,999 15,256 22% 5,200 11.5% 9.6% 

5 >= 50,000 3,977 6% 41,335 12.6% 9.6% 

Source: author’s estimates based on Compustat data. 

The thesis interacts both the physical capital and intangible capital variables with four of the 

five size group dummies (Size Groups 2 – 5). The same controls are employed as previously, 

namely Log Employees, Log Firm Age and Log MFP. The results for the intangible coefficient 

and interaction terms are presented in Table 6-10 (the full set of results is presented in Appendix 

12).  

Table 6-10 Relationship between profit margin and int. capital by size group & cycle  

  (1) (2) (3) 

Dependent Variable 

Log EBIT 

Margin 

Log EBIT 

Margin 

Log EBIT 

Margin 

Cycle 6 & 7 6 7 

    
Log Intangible Capital 0.055 0.126 0.031 

 (0.057) (0.089) (0.070) 

Size Group 2 Dummy x Log Intangible Capital 0.053 -0.005 0.065 

 (0.057) (0.091) (0.071) 

Size Group 3 Dummy x Log Intangible Capital 0.167*** 0.091 0.191*** 

 (0.057) (0.089) (0.070) 

Size Group 4 Dummy x Log Intangible Capital 0.216*** 0.060 0.272*** 

 (0.057) (0.090) (0.070) 

Size Group 5 Dummy x Log Intangible Capital 0.237*** 0.052 0.309*** 

 (0.066) (0.097) (0.079) 

    
Observations 31,747 11,951 19,796 

R-squared 0.350 0.357 0.346 

Industry/Year FE YES YES YES 

Cluster FIRM FIRM FIRM 

Errors clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1   

Controls: Log Sales, Log Firm Age, Log MFP, Log Physical Capital x Size Dummies  

Source: author’s estimates based on Compustat data 

   

We can see a clear step-up pattern in the magnitude of the intangible interaction terms in the 

first regression over the entire period (2001 – 2019). Splitting the data out by cycle, we can see 
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that the pattern and statistical significance is considerably more pronounced in the most recent 

cycle.  

Given the close relationships between digital and intangible intensity identified above, the 

thesis now examines if there are differences between digital intensive and less digital intensive 

industries. Regressions 1 and 2 include only year fixed effects, while regressions 3 and 4 

include both industry and year fixed effects and also control for MFP. Summary results for the 

marginal impact of intangible capital on profitability are provided here, with full results in 

Appendix 12.   

Table 6-11 Profit margin and intangible capital by size group and digital intensity 

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

  Year Fixed Effects Only Industry and Year FE 

  Less Dig. Int. Dig. Intensive Less Dig. Int. Dig. Intensive 

Size Group 1 0.14* -0.04 -0.05 0.10 

Size Group 2 0.20 -0.01 0.14 0.10 

Size Group 3 0.20 0.25*** 0.21*** 0.23*** 

Size Group 4 0.23 0.40*** 0.24*** 0.29*** 

Size Group 5 0.31* 0.44*** 0.28*** 0.30*** 
 

Errors clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1   
Controls: Log Sales, Log Firm Age, Log Physical Capital x Size Dummies (all regressions) and Log MFP (regs. 3 & 4)  

Source: author’s estimates based on Compustat data 

  

We can see that the step-up pattern is evident in both digital intensive and less digital intensive 

categories. However, the marginal impact of intangible capital for the three largest size groups 

is slightly greater in the digital intensive category.   

6.11 Conclusions  

The results from the production function estimates indicate that changes in firms’ cost 

structures and the growth in intangible assets is being reflected in changing production 

technology. We have seen a substantial increase in the overhead and intangible capital 

coefficients over time, with the growth in the intangible coefficient being particularly 

noticeable in the most recent cycle. The strong connection between intangibles and digital 

technologies is illustrated by the increased intangible coefficient is very much driven by the 

digital intensive category, and within that category, the most digitised (4th quartile) industries.  

There is also evidence illustrating the scalability of intangible capital in the form of a contrast 

in how the ARP of intangible capital changes with size relative to physical capital. It is also 

notable that the positive relationship between size and the ARP of intangible capital is more 

uniform in the digital intensive category.    
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We also see evidence that this shift in production technology may be producing changes in 

competitive dynamics. Profitability gaps between leading and laggard firms are increasing, and 

intangible assets are playing a role. We see significantly stronger relationships between 

profitability and intangible assets for the largest firms, and they have grown stronger in the 

most recent economic cycle. More granular regressions with five different size groups show 

that marginal impact of intangibles increases systematically with size, with the effect slightly 

more pronounced in the digital intensive category.  

Other research (such as Bajgar et al. (2021) and De Ridder (2021)) has found links between 

intangible investment and increased industry concentration. It would seem that both trends are 

related to the fundamental nature of intangibles. The scalability of intangible assets is expected 

to provide greater benefits for larger firms, and the results here bear this out.   

The measure of intangible assets used in this chapter is not perfect. While it seeks to place a 

value on the entire stock of intangible assets, it does not adjust for the quality of those assets. 

Doing so would require data that it not available in Compustat. More granular firm-level data 

on the various types of intangibles would also yield interesting results, particularly with regard 

to the interactions between digital assets, managerial capabilities and scale.  However, despite 

its shortcomings, this intangibles measure does produce results that are consistent with what 

might be expected given the properties of intangible assets. Their scalability in particular may 

be producing benefits for the largest firms that smaller firms struggle to compete with.  
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Chapter 7 Digitalisation and Corporate Tax 

7.1 Introduction 

Having addressed a number of competition issues related to increased digitalisation, the thesis 

goes on to assess an important policy consideration related to corporate taxation. Concerns 

over the amount of corporation tax paid by firms in digitally intensive industries have led to a 

number of efforts to reform tax regimes at both the national and international levels. For 

example, about half of European OECD countries “have either announced, proposed, or 

implemented a digital services tax” according to the Tax Foundation17. At the international 

level, the OECD has pursued a two-pillar approach to address tax challenges from digitalisation 

of the economy as part of the base erosion and profit shifting (BEPS) process (OECD 2015, 

2018, 2019, 2020a, 2020b).  

The first pillar addresses the tax base, potentially allocating more taxation rights to countries 

where the sales occur, rather than where the selling firm is located. The second pillar addresses 

tax rates, focussing on the introduction of a global minimum tax for large multinational 

enterprises (MNEs).    

Despite the substantial focus placed on the challenges of taxing firms in an increasingly 

digitalised world, there is very little evidence linking increased digitalisation and lower 

effective corporate tax rates. Perhaps the most common measure used is the Cash Effective Tax 

Rate (Cash ETR), which equals cash taxes paid divided by pre-tax income. Dyreng et al. (2008) 

found that firms with low Cash ETRs “are well spread across industries but with some 

clustering”, notably in oil and gas (p.63). Dyreng and Hanlon (2021) split the results by high 

tech and all other industries18, and found similar trends in both groups.  

This chapter seeks to examine if digitisation is linked to lower Cash ETRs after controlling for 

a number of other important factors, most notably the firm’s level of intangible assets and its 

record of prior losses. Intangible assets are referred for specific investigation, as they can make 

it easier for MNEs to engage in income-shifting activities, thereby lowering their Cash ETRs 

(see Section 7.2.1 for details). Despite the importance of intangibles, they are difficult to 

measure accurately, as the majority of intangible costs are expensed as incurred, and therefore 

do not appear on the balance sheet. The thesis takes advantage of a method to measure 

intangible assets at the firm level developed by Peters and Taylor (2017) and Ewens et al. 

 
17 https://taxfoundation.org/digital-tax-europe-2020/   

18 Where high tech industries are those with SIC codes 283, 357, 366, 367, 382, 384, 481, 482, 489, 737 or 873. 

https://taxfoundation.org/digital-tax-europe-2020/
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(2021) to account for them. It also draws on the work of Drake et al. (2020) to add a number 

of controls related to a firm’s loss history.      

7.1.1 Research questions 

The chapter has two primary research questions: 

1. Do firms in digital intensive industries pay less tax than those in less digital intensive 

industries? 

2. Given the focus on large MNEs in particular, how do size and MNE status interact with 

the degree of digitalisation?  

Two distinct measures of industry digitalisation are used to address these questions. The 

primary measure is based on a taxonomy of industry digitalisation from the OECD (Calvino et 

al. 2018) which provides for the creation a dummy for ‘digital intensive’ and ‘less digital 

intensive industries’ for the years 2001 – 2019. The second is based on BEA data which 

provides estimates of digitally derived gross output, value added, employment, and 

compensation for 92 NAICS industries. This also provides the scope to classify these industries 

into ‘digital intensive’ and ‘less digital intensive’ categories (see Section 0 for details of both 

measures).  

The dummies allow the thesis to assess the significance of a firm’s presence in digital intensive 

or less digital intensive industries on its Cash ETR. The thesis also interacts the dummies with 

firm size and MNE status dummies in order to address the second question of whether the 

interactions of digitalisation, scale and MNE status lead to statistically significant differences 

in determining Cash ETRs.    

The Chapter is structured as follows. Section 7.2 describes the literature, Section 7.3 outlines 

the data and Section 7.4 sets out some descriptive statistics. The main empirical work is 

contained in Section 7.5, followed by a number of robustness checks in Section 7.6. Section 

7.7 then concludes.    

7.2 Literature review 

7.2.1 How digital and other intangible assets can be used to lower ETRs 

Income-shifting occurs when MNCs take advantage of inter-company transactions to lower 

ETRs. As outlined by Dyreng and Hanlon (2021), they can do this by manipulating both the 

terms of the transactions, and where those transactions occur. This practice can be used to 

recognise more income in low tax jurisdictions.  
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The transfer prices that are paid between the subsidiaries are required to be based on the “arm’s-

length” principle. In other words, the prices paid should reflect the market price that would be 

paid between two unrelated firms. However, in practice, these prices are often difficult to 

observe or may be missing entirely due to the unique nature of the transactions in question. 

This is often the case where part of the value is based on digital or other intangible assets that 

are relatively unique to the firm. Without the precedent of well-established market prices, the 

firm must make assumptions about the value of the assets in question, and these assumptions 

are likely to be influenced by tax incentives (Dyreng and Hanlon 2021).  

The effects of income-shifting can be magnified by differences in tax laws across jurisdictions. 

For example, some countries define residence based on incorporation, while others define it 

based on the location of senior management. This creates further opportunities for companies 

to take advantage of differences in tax codes in order to lower taxes (Dyreng and Hanlon 2021).  

Digital and other intangible assets are convenient for manipulating both the terms and locations 

of the transactions. Their firm-specific nature makes transactions difficult to benchmark, 

providing firms with greater scope when setting transfer prices. Furthermore, the ‘location’ of 

some intangible assets such as patents or copyrights can be easily moved between jurisdictions, 

depending on the incentives created by different tax codes.          

7.2.2 Factors related to lower effective tax rates 

While the taxation of the digital economy has received significant attention at the political 

level, there is little evidence to suggest that digitally intensive firms, or firms in digital intensive 

industries, pay less tax. Dyreng et al. (2008), Dyreng et al. (2017) and Dyreng and Hanlon 

(2021) use Compustat data to look at cash effective tax rates (Cash ETRs) of public firms in 

the U.S., where the Cash ETR is defined as the amount of cash taxes paid (as opposed to the 

amount appearing on the profit and loss statement) over a given period, divided by the pretax 

profit and loss income over the same period. They found that the mean Cash ETR over a one-

year period was consistently lower than the 35% statutory rate (between 26.1% and 29.6% 

depending on the period and whether the firm was domestic or an MNE). The mean Cash ETR 

tended to converge to the statutory rate over longer time periods. Nevertheless, a significant 

number of firms were able to maintain Cash ETRs well below the statutory rate over an 

extended period (¼ of firms had a ten-year Cash ETR of less than 20% in the 2008 study).  

There was no link to lower rates in digital intensive industries, however. Indeed, the original 

study found that these firms “are well spread across industries but with some clustering”, 
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notably in oil and gas (Dyreng et al., 2008). Dyreng and Hanlon (2021) split the results by high 

tech and all other industries19, and found similar trends in both groups.  

Dyreng and Hanlon (2021) provide an overview of the firm characteristics that are associated 

with lower Cash ETRs and state that “overall, the studies find that firms with more financial 

leverage, higher research and development expenses, and more property plant and equipment 

generally have relatively lower cash effective tax rates” (ibid, p. 389). The extent of a firm’s 

foreign operations also impacts rates, with Rego (2003) finding that multinational firms with 

more extensive foreign operations have lower Generally Accepted Accounting Principles 

(GAAP) effective tax rates than those with less. 

There is evidence connecting lower ETRs and investment in intangible assets more broadly, 

however. Intangible assets are non-physical, knowledge-based assets such as software, but also 

include other assets such as brands, patents, designs, creative works and business processes. 

Belz et al. (2017) carry out a meta-regression analysis in order to determine the relationship 

between R&D and effective tax rates (ETRs). They conclude that for studies considering both 

current and deferred taxes in their definition of the ETR, a 1 percent increase in R&D intensity 

leads to a 0.17 percent decrease in the ETR. About 0.02 percent of that figure can be attributed 

to the impact of tax credits, with the remainder due to income-shifting activities.  

Finally, the accumulation of prior year losses can have a significant bearing on both GAAP and 

cash ETRs. Henry and Sansing (2018) use a measure of tax avoidance scaled by assets rather 

than pretax income, which enables loss years to be included in their samples. The inclusion of 

these loss years removes the downward trend in their measure. Subsequently, Drake, Hamilton 

and Lusch (2020) found that valuation allowances (VAs), which are related to prior-period 

losses, are strongly related to ETRs. These VAs create a downward bias which explains almost 

all of the downward trend observed amongst domestic U.S. firms.   

7.3 Data 

7.3.1 Key variables 

Details of all independent variables can be found in Appendix 14, and the key variables are 

outlined here. 

  

 
19 Where high tech industries are those with SIC codes 283, 357, 366, 367, 382, 384, 481, 482, 489, 737 or 873. 
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7.3.1.1 Industry digitalisation 

OECD measure 

The primary measure of industry digitalisation is the taxonomy developed by Calvino et al. 

(2018), as set out in Section 5.5.1. The first set of rankings are applied to the economic cycle 

from 2001 – 2007, and the second set to the cycle from 2008 – 2019. A digital dummy was 

then created, with those industries lying above the digitalisation median assigned a value of 1. 

BEA measure 

An alternative measure of digitalisation based on data from the U.S. Bureau of Economic 

Analysis (BEA) was also applied. The BEA data uses a supply/use framework to estimate the 

gross output, value added, employment, and compensation associated with the digital economy 

for the period 2005–201920. It defines the digital economy as being comprised of digital 

infrastructure (the physical materials and organisational structures used to support the digital 

economy), e-commerce and digital services (U.S. Bureau of Economic Analysis 2021). 

Estimates of digitally derived gross output, value added, employment, and compensation are 

provided for 92 NAICS industries. The BEA estimates that the digital economy accounted for 

9.6% of US GDP in 2019, though the share within each industry varies greatly.  

As with the OECD data, the industries are split into ‘digital intensive’ and ‘less digital 

intensive’ categories. There are two distinct clusters of industries, whether value added, 

employment or compensation is used to measure digitalisation. The first group tends to have 

10% or less of value added/employment/compensation defined as ‘digital’, and they are defined 

as being ‘less digital intensive’. The second group has at least 20%, and are defined as ‘digital 

intensive’. Histograms outlining each industry/year value for all three categories are provided 

in Appendix 15.  

7.3.1.2 Intangible assets 

The intangible measure used comes from the work of Peters and Taylor (2017) and Ewens et 

al. (2021). The data is identical to that used in Chapter 6. It is referred to as ‘total intangibles’, 

to distinguish it from the value of intangibles that appear on a firm’s balance sheet (Compustat 

item INTAN, referred to as ‘book intangibles’).  

7.3.1.3 Prior period losses 

Accounting for prior period losses is vital when addressing questions of ETRs, as accumulated 

losses can provide a tax shield if and when the firm returns to profitability. Drake et al. (2020) 

 
20 https://www.bea.gov/data/special-topics/digital-economy  

https://www.bea.gov/data/special-topics/digital-economy
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employ a method to account for the impact of prior period losses through their impact on 

valuation allowance (VA) adjustments, the recording (release) of which will increase 

(decrease) GAAP ETRs in a given year. This is based on a logistic model which estimates the 

VA release probability based on the firm’s earnings history, tax loss carryforwards and free 

cash flows. They show that using these estimates significantly improves the explanatory power 

of both GAAP and cash ETR models. This is due to the fact that including only firms with 

positive pre-tax income creates a biased sample as these firms are more likely to have tax 

shields from prior year losses. 

The authors also provide an equation to estimate such VA probabilities, but as this is based on 

non-MNE firms only, the thesis does not employ it here. It does, however, apply a number of 

the variables used to estimate the VA release probabilities as controls.     

7.3.2 Sample selection and data preparation 

The study follows a similar sample selection process to Dyreng et al. (2008, 2017). A key 

selection criterion is the removal of firms with negative pretax income. This is due to the 

difficultly of interpreting negative ETRs (which can occur due to negative pretax income and 

negative cash taxes paid). This does create selection bias issues however, as outlined by Drake 

et al. (2020) above. The thesis employs a number of variables used in that study in an attempt 

to mitigate this bias (see Section 7.5.1).  

A full list of selection criteria is outlined in Table 7-1 below.  In addition, the 1% tails and any 

value of more than 3 standard deviations from the mean were removed for key regression 

variables, following a number of studies such as Calligaris et al. (2018) and De Loecker et al. 

(2020).    

Table 7-1 Sample selection 

Criteria 

Number of 

Firms 

Firm-

Years 

All nonfinancial, nonutilities Compustat observations between 

1988 and 2019 with assets greater than $10 million 16,889 161,698 

Require non-missing values for cash tax paid (TXPD)  14,200 134,344 

Require pretax income (PI) of greater than zero 11,463 92,562 

Require non-negative values for sales, cost of goods sold and 

sales, general and administrative expenses 10,716 85,346 

Require non-missing values for controls (PPENT, INTAN, 

LEVERAGE, CAPEX, ADS) 10,276 77,254 

Require non-missing Peters & Taylor intangible values and 

remove small number (c. 300) of duplicate observations 10,119 76,369 

Source: Author calculations from Compustat data. 
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7.3.3 Deflation of regression variables 

The regression variables are a mix of ratios (such as R&D/sales) and absolute values (such as 

sales and total intangibles). Where absolute values are used, the Compustat values are deflated 

by an appropriate deflator in order to make them comparable over time. The process for 

deflating the variables is identical to that set out in Section 4.3. Deflators for gross output, 

labour costs and intermediates were obtained from the BEA, while deflators for fixed capital 

were taken from OECD STAN. All values are deflated to 2010 levels.  

7.4 Descriptive statistics 

The mean Cash ETR for the period 1988 – 2019 was 27%. This is slightly lower than figure of 

29% from Dyreng et al. (2017), and is the result of a longer time span with a continued 

downward ETR trend. The Cash ETR excluding special items (Cash ETR SI) was 25%, which 

reflects the fact that Special Items are typically negative. 

Table 7-2 Summary statistics for key variables 

Variable N Mean 

Standard 

Deviation 

25th 

Percentile Median 

75th 

Percentile 

Cash ETR 76,369 0.27 0.24 0.09 0.24 0.37 

Cash ETR SI 76,369 0.25 0.21 0.08 0.23 0.35 

Log Sales 76,369 6.22 2.05 4.73 6.16 7.62 

Log Assets 74,669 6.22 1.97 4.71 6.10 7.58 

R&D 75,065 0.03 0.05 0.00 0.00 0.03 

PPE 74,374 0.27 0.22 0.10 0.21 0.38 

Leverage 75,101 0.22 0.19 0.04 0.20 0.34 

Capex 74,244 0.26 0.17 0.14 0.21 0.34 

Advertising 74,640 0.01 0.02 0.00 0.00 0.01 

Special Items 74,483 0.00 0.02 0.00 0.00 0.00 

Lag Special Items 69,995 -0.01 0.03 -0.01 0.00 0.00 

NOL 76,369 0.37 0.48 0.00 0.00 1.00 

NOL Delta 50,057 -0.03 6.55 0.00 0.00 0.00 

Five Year Loss 76,369 0.56 0.96 0.00 0.00 1.00 

FCF 71,910 0.25 68.88 0.00 0.05 0.10 

MNE 76,369 0.52 0.50 0.00 1.00 1.00 

Total Intangibles 76,369 5.13 2.18 3.52 5.01 6.61 

Intangible Share 75,240 0.62 0.28 0.42 0.68 0.86 

Log Age 76,279 2.89 0.76 2.40 2.83 3.26 

TCJA 76,369 0.05 0.22 0.00 0.00 0.00 

Extractive Dummy 76,369 0.06 0.24 0.00 0.00 0.00 

Digital Dummy OECD 44,795 0.63 0.48 0.00 1.00 1.00 

Digital Dummy BEA 34,724 0.33 0.47 0.00 0.00 1.00 

Source: author’s estimates based on Compustat data. NOL is net operating loss, FCF is free cash flow, MNE is 

multinational Enterprise and TCJA is the Tax Cuts and Jobs Act.  
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The table also illustrates the prevalence of the digital dummies. Firms from digital intensive 

industries, per the OECD definition, are somewhat over-represented in the Compustat data. 

Digital intensive industries make up 18/33 (56%) of the NACE A38 industries in the final 

sample, while 63% of firm/year observations are from these industries. The second measure 

based on the BEA data is narrower, with between 8 and 10 (depending on the year) of the 92 

NAICS industries classified as ‘digital intensive’. The industries are considerably over-

represented in Compustat however, with the result that 33% of total firm-year observations are 

from ‘digital intensive’ industries by this measure. The correlation between the two dummies 

is 0.50.  All industries defined as digital intensive under the narrower BEA measure are also 

defined as digital intensive under the OECD measure.   

7.4.1 ETR trends 

Figure 7-1 below sets out the trend in mean ETRs from 1988 to 2019. A sales-weighted ETR 

is also included given the interest in how the combination of scale, MNE status and 

digitalisation impacts ETRs.  

Figure 7-1 Mean and weighted mean cash ETRs  

 
Source: author’s estimates based on Compustat data. 

The downward trend in cash ETRs identified by Dyreng et al. (2008) has continued, though 

the rate of decline appears to have slowed. We can see that the weighted mean ETR is higher 

than the mean ETR, but the gap is declining over time. This means that while larger firms tend 

to have higher ETRs (as found in previous studies), the gap is narrowing. The decline in ETRs 

is therefore more pronounced in larger firms, as indicated by the steeper slope on the higher 

trendline above.  
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Figure 7-2 splits the data according to membership of digital intensive and less digital intensive 

industries, per the OECD definition. This data begins in 2001, as there is no measure of digital 

intensity before that date. We can see that the unweighted ETRs have an almost flat trend post 

2001. The ETRs of the more and less digital intensive industries are very similar, with little or 

no difference in the trendlines.  

Figure 7-2 Mean and weighted mean cash ETRS split by digital intensity  

 
Source: author’s estimates based on Compustat data. 

The weighted ETRs provide an interesting contrast to the unweighted ETRs. We can see that 

weighted ETR from the digital intensive industries is typically lower than its less digital 

intensive equivalent. In addition, we can see evidence of a downward trend in the digital 

intensive weighted ETR of 0.36% per year. This suggests that the interplay of scale and 

digitalisation is an important factor when analysing ETR trends.        

Finally, the thesis looks at the data split by MNE status. Here we see a considerable contrast 

between the unweighted and weighted data in Figure 7-3. MNE firms tend to have higher 

unweighted means, in line with the findings of previous studies (Dyreng et al. 2008, 2017; 

Drake et al. 2020). However, when we look at the weighted means, the situation is reversed in 

20 of the 32 years. The negative slopes of the trendlines are also steeper, as we would expect 

given the difference between the unweighted and weighted ETRs seen in Figure 7-1. 

Figure 7-3 Mean and weighted mean cash ETRS split by MNC status  

 
Source: author’s estimates based on Compustat data. 
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The simple descriptive statistics would therefore suggest that the interactions of size, MNE 

status and digitalisation play important roles in determining cash ETRs.    

7.5 Cash ETR regressions with OECD digitalisation measure 

7.5.1 Industry level digitalisation measures 

The firm-level Cash ETR variable was regressed on the industry level digitalisation dummies, 

as well as a range of controls. The first column below shows a regression with a number of 

controls that have become standard in the literature for the period 1988 - 2019. Despite the 

longer time period, the size and significance of the coefficients are similar to those of  Dyreng 

et al. (2017) and Drake et al. (2020).  

Table 7-3 Regression of cash ETR on digital dummies and controls 

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

Dependent Variable Cash ETR Cash ETR Cash ETR Cash ETR 

Period '88 - '19 '01 - '19 '01 - '07 '08 - '19 
     

Digital Dummy OECD  0.002 0.009 -0.001 

MNE 0.025*** 0.026*** 0.023*** 0.029*** 

Trend -0.003*** 0.000 0.004*** 0.000 

Log Sales 0.023*** 0.015*** 0.022*** 0.010** 

Log Assets -0.017*** -0.049*** -0.055*** -0.045*** 

R&D -0.274*** -0.318*** -0.214*** -0.355*** 

PPE -0.126*** -0.178*** -0.150*** -0.198*** 

Leverage -0.021** -0.027** -0.012 -0.034** 

Capex -0.053*** -0.044*** -0.035** -0.053*** 

Advertising 0.088 0.109 0.381*** -0.015 

Special Items -1.941*** -1.520*** -1.434*** -1.556*** 

Lag Special Items 0.256*** 0.035 0.185 -0.019 

NOL -0.061*** -0.041*** -0.048*** -0.033*** 

NOL Delta 0.000 -0.000 0.007 -0.000 

Five Year Loss  -0.015*** -0.024*** -0.008*** 

FCF  -0.000 -0.004 0.000 

Book Intangibles 0.030***    

Total Intangibles  0.039*** 0.036*** 0.040*** 

Intangible Share  -0.123*** -0.126*** -0.124*** 

Log Age  0.009*** 0.008 0.008** 

TCJA  -0.028***  -0.027*** 

Extractive Dummy  0.038*** 0.021 0.047*** 

     

Observations 42,540 24,911 9,148 15,763 

R-squared 0.094 0.078 0.092 0.075 

Cluster FIRM FIRM FIRM FIRM 

Robust standard errors in parentheses     

*** p<0.01, ** p<0.05, * p<0.1     

Source: author’s estimates based on Compustat data. Variable definitions in Appendix 14. 
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The second column includes a dummy for digital intensive industries as defined by the OECD. 

We can see that it is marginally positive and not significant. This is perhaps no surprise given 

the ETR trends outlined in the left-hand graph of Figure 7-2.  

The second regression includes a number of other controls in an attempt to account for the 

influence of intangible assets and prior period losses. The total amount of intangible capital is 

included for each firm, using the method described in Chapter 6. The share of intangible capital 

in total capital is also included as a measure of intangible intensity. The Cash ETR increases in 

the absolute value of intangible capital, but declines in intangible intensity.  

A further four variables (NOL, NOL Delta, Five Year Loss and FCF) used by Drake et al. 

(2020) to estimate the probability of the use of a Valuation Allowance are included as a means 

of controlling for prior period losses. Finally, the Log of Firm Age is included as well as 

dummies for the Tax Cuts and Jobs Act (equal to one in 2018 and 2019) and for a firm’s 

presence in the extractive industries (oil and mining). Note also that industry fixed effects are 

not included given that the variable of interest is at the industry level and does not vary over 

time. A full list of variable definitions is provided in Appendix 14.    

Columns 3 and 4 split the data out by the two individual economic cycles (2001 – 2007 and 

2008 – 2019) in order to see if there are any changes over time. These periods are chosen to 

account for the cyclical nature of ETRs (which tend to fall after recessions and rise during 

expansions). As the use of digital technologies becomes more prevalent over time, we may see 

greater negative impacts on Cash ETRs. In fact, we do not see any significant change over the 

period.     

7.5.2 Digitalisation and Size 

Table 7-4 interacts the OECD digitalisation dummy with three size variables representing small 

(< 500 employees), medium (500 – 4,999 employees) and large (5,000 + employees) firms.    
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Table 7-4 Digital dummies with firm size interaction terms  

  (1) (2) (3) 

Dependent Variable Cash ETR Cash ETR Cash ETR 

Period '01 - '19 '01 - '07 '08 - '19 

    

Digital Dummy OECD 0.021** 0.020 0.023* 

Size Medium 0.050*** 0.043*** 0.051*** 

Size Medium x Dig Dummy -0.030*** -0.030* -0.028* 

Size Large 0.065*** 0.042** 0.077*** 

Size Large x Dig Dummy -0.021* -0.002 -0.031** 

MNE 0.024*** 0.021*** 0.027*** 

Trend 0.001 0.004*** 0.000 

Log Sales 0.009** 0.018*** 0.003 

Log Assets -0.044*** -0.051*** -0.039*** 

R&D -0.290*** -0.185*** -0.328*** 

PPE -0.169*** -0.144*** -0.187*** 

Leverage -0.022* -0.008 -0.029** 

Capex -0.047*** -0.036** -0.057*** 

Advertising 0.107 0.404*** -0.029 

Special Items -1.508*** -1.425*** -1.543*** 

Lag Special Items 0.041 0.190* -0.011 

NOL -0.043*** -0.049*** -0.036*** 

NOL Delta -0.000 0.006 -0.000 

Total Intangibles 0.032*** 0.031*** 0.032*** 

Intangible Share -0.100*** -0.105*** -0.101*** 

Log Age 0.008** 0.007 0.007** 

TCJA -0.029***  -0.028*** 

Extractive Dummy 0.048*** 0.030* 0.058*** 

    

Observations 24,911 9,148 15,763 

R-squared 0.081 0.095 0.080 

Cluster FIRM FIRM FIRM 

Robust standard errors in parentheses    

*** p<0.01, ** p<0.05, * p<0.1    

Source: author’s estimates based on Compustat data. Variable definitions in Appendix 14. 

The base category in the analysis is small firms in less digital intensive industries. We can see 

that over the full period (Column 1) the value of the Digital Dummy is positive and significant, 

indicating that small firms in digital intensive industries have a roughly two percentage point 

higher Cash ETR than small firms in less digital intensive industries. This is reversed when it 

comes to the medium sized firms, however. which have a c.1% lower Cash ETR than their less 

digital intensive industry equivalents over the full period (the sum of the Digital Dummy and 

the Medium/Digital interaction term). Dummies for large firms in digital intensive and less 

digital intensive industries are equivalent over the full period, though ETRs are c. 0.7% lower 
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in digital intensive industries in the final cycle. We therefore have some evidence of a negative 

interaction between scale, digitalisation and Cash ETRs, albeit the effects are modest.      

7.5.3 Digitalisation and MNE status 

Table 7-5 interacts the OECD Digitalisation Dummy with an MNE Dummy (zero for US only 

and one for MNEs). Over the full period, MNEs in digital intensive industries have a Cash ETR 

that is 0.5% lower than MNEs in less digital intensive industries (0.012 – 0.017). Columns 2 

and 3 split this out by the first and second cycle, and we can see that the effect is more 

pronounced in the most recent cycle. There is no statistically significant difference in the first 

period, but MNEs in digital intensive industries had a 1.2% lower ETR in the second period.    

Table 7-5 Digital dummies with MNE status interaction terms 

  (1) (2) (3) 

Dependent Variable Cash ETR Cash ETR Cash ETR 

Period '01 - '19 '01 - '07 '08 - '19 

    

Digital Dummy OECD 0.012* 0.010 0.008 

MNE 0.037*** 0.028*** 0.031*** 

MNE x Dig Dummy -0.017** -0.013 -0.020** 

Trend 0.001 0.004*** -0.001 

Log Sales 0.015*** 0.024*** 0.020*** 

Log Assets -0.048*** -0.052*** -0.045*** 

R&D -0.312*** -0.225*** -0.282*** 

PPE -0.174*** -0.120*** -0.150*** 

Leverage -0.028** -0.034** -0.067*** 

Capex -0.044*** -0.015 -0.035** 

Advertising 0.103 0.396*** 0.056 

Special Items -1.523*** 0.523*** 0.307*** 

Lag Special Items 0.035 0.329*** 0.071 

NOL -0.041*** -0.051*** -0.035*** 

NOL Delta -0.000 0.008 -0.000* 

Five Year Loss -0.015*** -0.029*** -0.016*** 

FCF -0.000 -0.003 0.000 

Total Intangibles 0.038*** 0.031*** 0.028*** 

Intangible Share -0.119*** -0.095*** -0.091*** 

Log Age 0.009*** 0.007 0.009*** 

TCJA -0.028***  -0.021*** 

Extractive Dummy 0.039*** 0.023 0.038*** 

    

Observations 24,911 9,148 15,763 

R-squared 0.078 0.092 0.076 

Cluster FIRM FIRM FIRM 

Robust standard errors in parentheses    

*** p<0.01, ** p<0.05, * p<0.1    

Source: author’s estimates based on Compustat data. Variable definitions in Appendix 14. 
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Overall, the results using the core OECD measure of industry digitalisation would suggest that, 

on the whole, firms in digital intensive industries do not have lower Cash ETRs than firms in 

less digital intensive industries. However, this overall result hides some heterogeneity amongst 

firms in digital intensive industries. Larger firms in digital intensive industries tend to have 

slightly lower ETRs than their equivalents in less digital intensive industries, while MNEs in 

digital intensive industries have slightly lower ETRs than MNEs is less digital intensive 

industries. The effects are modest, but are more pronounced in the most recent economic cycle.   

7.6 Robustness checks 

Two robustness checks are carried out on the results above. The first is to use an industry 

digitalisation dummy based on the BEA data. The second is to run regressions with both sets 

of dummies with Cash ETR SI (Cash ETR excluding Special Items) as the dependent variable.     

7.6.1 BEA based digitalisation measure 

The thesis now examines the impact of digitalisation on ETRs using the BEA based measure 

as a robustness check. Recall that the dummies created using the BEA data produced a narrower 

definition of digital intensive industries, with 33% of firm-year observations coming from 

digital intensive industries, versus 63% for the OECD measure (all industries defined as digital 

intensive by the BEA measure are also defined as digital intensive by the OECD measure). 

The table below outlines the coefficients of interest for the regressions with the BEA Dummy, 

as well as the regressions interacting the BEA Dummy with the size dummies and the MNE 

Dummy (equivalent to Tables 7-3, 7-4 and 7-5 in the previous section). The full results are 

presented in Appendix 16.     
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Table 7-6 BEA digital dummies with size group and MNE interactions 

  (1) (2) (3) 

Dependent Variable Cash ETR Cash ETR Cash ETR 

Period '05 - '19 '05 - '19 '05 - '19 

    
Digital Dummy BEA -0.013** 0.015 -0.018* 

MNE 0.027*** 0.025*** 0.025*** 

MNE x Dig Dummy   0.008 

Size Medium  0.054***  
Size Medium x Dig Dummy  -0.042***  
Size Large  0.068***  
Size Large x Dig Dummy  -0.023*  

    

Observations 19,808 19,808 19,808 

R-squared 0.078 0.085 0.078 

Cluster FIRM FIRM FIRM 

Robust standard errors in parentheses    

*** p<0.01, ** p<0.05, * p<0.1    

 Source: author’s estimates based on Compustat data. Variable definitions in Appendix 14.    

The narrower BEA definition suggests that digital intensive industries have an ETR that is 

1.3% lower than less digital intensive industries, all else equal. The difference is statistically 

significant at the 5% level. We see the same patterns with regard to size: smaller firms in digital 

intensive industries tend to have higher Cash ETRs relative to their less digital intensive 

equivalents (c. 1.5% larger); while medium and large firms have lower ETRs (2.7 and 0.8% 

smaller respectively). Unlike the OECD measure, both MNEs and non-MNEs in digital 

intensive industries have lower ETRs, as the interaction term in Regression 2 above is small 

and insignificant. Note that the results are not split by cycle, given the more limited time period 

available for the BEA based measure. 

7.6.2 Regressions with cash ETRs excluding special items 

The thesis now examines if regressions with Cash ETRs excluding Special Items (Cash ETR 

SI) follow a similar pattern. Special Items (SPI in Compustat) are items of income or expense 

that are seen as nonrecurring. While they may be positive or negative, they are typically 

negative, with the result that the Cash ETR SI is consistently lower than Cash ETR. Both 

measures have been used in studies of ETRs, and so Cash ETR SI is employed here as an 

additional robustness check.  
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Table 7-7 Comparison of results with cash ETR and cash ETR SI 

Regression Independent Variable Dependent Variable 

    Cash ETR Cash ETR SI 

1 Digital Dummy OECD 0.002 -0.003 

    

2 Digital Dummy OECD 0.021** 0.020** 

 Size Medium 0.050*** 0.046*** 

 Size Medium x Dig Dummy -0.030*** -0.032*** 

 Size Large 0.065*** 0.059*** 

  Size Large x Dig Dummy -0.021* -0.027** 

    
3 Digital Dummy OECD 0.012* 0.008 

 MNE 0.037*** 0.030*** 

  MNE x Dig Dummy -0.017** -0.017** 

Source: author’s estimates based on Compustat data. Variable definitions in Appendix 14.  

Table 7-7 compares the results for regressions with Cash ETR and Cash ETR SI using the core 

OECD measure of digitalisation (full results with both the OECD and BEA measures are set 

out in Appendix 17). We can see that both the magnitude and statistical significance of the 

coefficients of interest are very similar. We again see that a firm’s presence in a digital intensive 

industry is not associated with lower ETRs, but that the heterogeneity amongst firms is 

important. Smaller firms in digital intensive industries have higher ETRs, but medium and 

larger sized firms tend to have lower ETRs. MNEs in digital intensive industries also have 

lower ETRs than their less digital intensive peers, all else equal.    

7.7 Conclusions 

Despite the considerable international focus on declining corporate tax revenues and the 

connections with increased digitalisation, there is little evidence of significantly and 

systematically lower Cash ETRs in digital intensive industries. There is heterogeneity amongst 

firms however, with larger firms in digital intensive industries tending to have slightly lower 

ETRs than their equivalents in less digital intensive industries. In addition, MNEs in digital 

intensive industries have slightly lower ETRs than MNEs is less digital intensive industries. 

While this may reflect the capacity to use intangible assets to lower Cash ETRs, the effects are 

modest.  

There are a number of issues that could mask a more significant effect, however. The first is 

the potential for bias created by excluding observations with pre-tax losses. If patterns of losses 

vary between digital intensive and less digital intensive industries, the extent of the bias could 
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also vary. While attempts have been made to control for prior period losses, some bias could 

remain.  

In addition, we face the issue of a lack of a firm-level measure of digitalisation due to data 

limitations. A firm-level measure could provide for a more fine-grained measure of 

digitalisation and could potentially shed more light on any relationship between digitalisation 

and lower ETRs.     
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Chapter 8 Potential Policy Implications 

8.1 Introduction 

Chapter 7 addresses one important policy implication of increased digitalisation and the rise of 

intangible assets, but there are many more. This chapter focuses on the key issues for 

competition policy created by increased digitalisation, and how governments can seek to 

address them. Previous chapters outlined how technological investments have heterogeneous 

impacts across firms of different sizes and productivity levels. These heterogeneous impacts 

are helping drive many of the macro trends central to competition discussed in the literature 

review, such as increasing productivity and profitability gaps between leaders and laggards, 

declining labour shares and increased market concentration.  

Section 8.2 discusses the issues created by digitalisation and policy remedies to address these 

issues. Section 8.3 discusses a number of broader policy implications and Section 8.4 looks 

ahead to how the continued development of digital technologies (specifically machine learning 

and AI) may present further challenges. Section 8.5 concludes. 

8.2 Issues created by digitalisation and governments’ roles in addressing them 

One of the key findings to emerge from the literature on digital and intangible assets, and one 

which is reinforced in this thesis, is that digital and other intangible assets can have 

heterogeneous impacts across firms depending on factors such as firm size and the presence of 

complementary technical and managerial skills. This is contributing to increasing levels of 

inequality amongst firms with respect to productivity (Section 2.2.6), profitability (Chapter 6) 

and market share (Section 2.2.1). As Qureshi (2022) notes, technology creates new avenues 

and opportunities to boost prosperity, but there is uneven participation in these opportunities.   

As this thesis has outlined, there is good reason to expect the trends above to continue in the 

absence of policy measures designed to address them, given that these trends stem in large part 

from the inherent characteristics of digital and other intangible assets such as human capital. 

Governments must therefore be conscious of both the positive and negative aspects of greater 

digitalisation, and account for both when designing policy.  

Investment in digital technologies is associated with greater productivity (as discussed in 

Section 5.2.2.1), and so governments are keen to promote it in order to foster economic growth. 

The priority many governments place on promoting greater adoption of digital technologies by 

firms is illustrated by the establishment of the OECD’s ‘Going Digital Project’. This helps 
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policy makers understand the digital transformation and develop appropriate policies to “help 

shape a positive digital future”21.  

Digital investments, like investments in R&D, can generate positive externalities due to the 

non-rival nature of information. Indeed, as Crouzet et al. (2022) set out in their model discussed 

in Section 3.2.3, the entrepreneur’s choice of span (𝑥̂) will always be sub-optimal from a social 

point of view because they seek to maximise entrepreneur value (𝑉̂e) rather than firm value 

(𝑉̂). The entrepreneur value function is  

𝑉̂e(N) = AN δe-ρ(
𝜌

𝛿
)ρ                                                                            8.1 

If we contrast this with the social value of the investment,  

𝑉̂(N) = AN 𝑥̂ρ  = AN (
𝜌

𝛿
)ρ                                                                    8.2 

we see that the entrepreneur will always choose a smaller span than that which maximises 

social value (x = +∞) because of limited excludability (the δ parameter above).  

Increased digitalisation is associated with greater productivity (see Section 5.2.2.1) and there 

also exists a rationale for governments to actively promote it in order to generate greater 

positive externalities. The question then becomes, how can governments best promote the 

positive aspects of increased digitalisation, while minimising the more negative aspects22?  

The answer to this question lies in recognising the heterogeneous impacts that technological 

investments can have on firms, and removing the barriers to participation facing certain types 

of firms. Two key characteristics in this regard are the productivity level and size. A number 

of studies, discussed in Section 6.2.1, show that technological investments tend to have greater 

positive impacts for more productive firms (regardless of size). Governments need to recognise 

this and address some of the difficulties faced by less productive firms.  

Smaller firms also face specific issues, discussed further below, when investing in digital 

technologies (regardless of productivity), and these also require bespoke policy responses. Of 

course, in many cases the issues will overlap – smaller firms tend to be less productive than 

larger firms (see Section 5.2.2) – and so both sets of policy responses will apply. However, this 

is not always the case, and it is useful to separate the two aspects to analyse the specific issues 

at play in each. 

 
21 https://www.oecd.org/digital/going-digital-project/  

22 In addition to the market power issues discussed here, see Spence (2021) for a wider discussion on the negative 

aspects of the digital economy and how governments should address them.  

https://www.oecd.org/digital/going-digital-project/
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The third key aspect of firm heterogeneity that governments need to account for is the level of 

market power. Of course this is nothing new, and competition policy has sought to curb market 

power for many years. However, the growth of digital technologies presents some unique 

challenges, which will be discussed below, and regulations need to adapt to recognise this.  

Governments should therefore: 

▪ promote policies that foster productivity-enhancing digitalisation across firms of all 

sizes, while accounting for the specific issues faced by less productive firms; 

▪ recognise that SMEs face specific issues when making technological investments and 

develop bespoke policies to address these issues; and 

▪ adapt competition policy for the digital era to address issues of durable23 market power 

where these arise, and remove barriers to competition.  

The first two sets of policy measures will boost growth by improving productivity and helping 

foster the positive externalities associated with digital investments. They will also boost 

competition and consumer welfare by enhancing the competitiveness of less productive and 

smaller firms, which could have further benefits to income growth and income inequality. The 

third set of policies will address instances where market-based outcomes or structural 

competitiveness issues do not produce socially optimal results.      

8.2.1 Policies to foster productivity enhancing digitalisation 

The OECD has set out a number of policies to ensure governments can capture the productivity 

enhancing benefits of digital investments (Sorbe et al. 2019). The authors note that despite 

ongoing advances in digital technologies, productivity growth has been relatively weak across 

most OECD countries in recent times. This is due to the fact that technology diffusion has been 

“slow and unequally effective across firms”… and “the gains from digital technologies have 

been concentrated among the most productive firms, which benefit from the human and 

organisational capital that is key to harnessing their full potential” (p.6). Slower productivity 

growth across less productive firms is dragging down overall productivity growth and leading 

to increasing gaps between leaders and laggards, with knock-on effects to wage dispersion and 

income inequality.     

They outline research which clearly demonstrates the heterogeneous impacts of a number of 

digital technologies on productivity. The graph below shows the impact of a 10% increase in 

 
23 Further details on what constitutes ‘durable’ market power in Section 8.2.3 below.  
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the adoption of four specific technologies at the industry level on MFP growth at the firm level.  

The results are split by productivity quartile, and we can see a clear general pattern of higher 

productivity growth for more productive (quartile 4) firms. Sorbe et al. (2019) state that these 

firms have better technical and organisational skills that make them more likely to adopt the 

technologies, receive higher boosts to productivity when adopting them, and make them more 

likely to benefit from spillovers from digitalised peers. It is interesting to note that the Cloud 

Computing category is an exception, which the authors state “may reflect that cloud computing 

requires less complementary investments in organisation and skills” than the other technologies 

(Sorbe et al., 2019, p.11). 

Figure 8-1 Impact of increased industry adoption of technology on firm productivity 

   

Source: Sorbe et al., 2019, p.11.  

Policies seeking to promote productivity growth via digitalisation must therefore address the 

constraints faced by these less productive firms when adopting new digital technologies. Key 

policy recommendations from the report include: 

▪ Enhancing access to high-speed internet. It is vital that adequate digital infrastructure 

is in place to support increased digitalisation. The OECD recommends implementing 

regulatory frameworks that support investment in broadband and pro-competition 

reforms in telecommunication sectors to enable broader and cheaper access to high-

speed internet.  

▪ Enhancing capabilities to adopt digital technologies by upgrading skills. As the 

thesis has previously outlined (e.g. Section 2.4.2), obtaining the full benefits from a 

firm’s digital investments is conditional on complementary technical and managerial 

skills. The report recommends increasing education in ICT skills, increasing 

participation in subsequent ICT training beyond the university sector (especially of low-
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skilled workers where the productivity benefits can be higher), and focussing on the 

quality of this subsequent training. Governments should also promote good cognitive, 

organisational and managerial skills that are complementary to technical ICT skills.  

▪ Improving incentives to adopt digital technologies by tackling barriers to 

competition and the efficient reallocation of resources. Governments should enable 

the efficient reallocation of labour and capital across firms and industries by reducing 

administrative burdens on start-ups, facilitating job transitions and improving the 

efficiency of insolvency regimes. 

▪ Easier financing for young innovative firms. Financial constraints can have 

significant impacts on young firms, especially those with higher proportions of 

intangible capital that is difficult if not impossible to collateralise (Section 6.2). The 

OECD suggests that policy makers should help promote venture capital, equity 

financing and address market failures generally in the provision of finance to young 

innovative firms. This is discussed further in Section 8.2.2 given that these young 

innovative firms are predominantly SMEs.    

▪ Reducing barriers to digital trade and fostering greater competition in the digital 

sphere. Competition in digital markets can be enhanced by reducing barriers to cross-

border digital trade, which like traditional trade, can be expected to increase 

productivity via greater specialisation and providing better quality and cheaper inputs. 

Governments should also seek to promote competition by increasing vigilance against 

durable market power and taking into account the strong network effects and central 

importance of data characterising certain digital activities (more on this in Section 

8.2.3). 

▪ Further developing digital government. The OECD states that digital government is 

“the use of digital technologies in the provision of government services (so-called e-

government) but also more broadly the promotion of innovation in the public sector and 

expanded civic engagement including through open government data initiatives or e-

government” (Sorbe et al. 2019, p.17). Greater use of digital government can stimulate 

greater use of digital technologies by firms, thereby boosting productivity (see Figure 

8-2 below).   

The OECD report from Sorbe et al. (2019) also provides evidence on the efficacy of the above 

policy measures. Figure 8-2 shows the effect on firm productivity of closing half the gap to the 



154 

 

best performing countries for the above factors. It again underlies the importance of 

complementary technical and managerial skills, as reducing the gap to the best performing 

country on the OECD’s skill measures24 can increase multifactor productivity by roughly 3.7% 

after three years. Their findings also illustrate the importance of basic digital infrastructure, as 

promoting greater use of broadband has the next greatest impact. There are strong 

complementarities between the initiatives, and the authors note that policy makers should adopt 

a ‘whole of government’ approach for this reason.   

Figure 8-2 Impact of policy measures on firm productivity 

 
Source: Digital Dividend: Policies to Harness the Productivity Potential of Digital Technologies, OECD, 2019, p.15.  

8.2.2 Addressing specific issues for SMEs 

While government cannot change certain inherent advantages that scale brings (such as the 

ability to spread the fixed costs of a given investment over a larger range of output), it can 

mitigate some other disadvantages that smaller firms typically face. A report by the OECD 

entitled ‘The Digital Transformation of SMEs’  (OECD 2021) discussed a number of specific 

issues faced by SMEs in embarking on digital transformations and suggested policy measures 

to remedy them. Some of these measures overlap with those in the previous section, and this 

section focuses on measures not discussed above, or on distinctive aspects of similar policy 

measures. 

Before discussing the policy measures, it is worth noting a number of distinctive aspects of 

SMEs’ efforts to digitalise outlined in the report. First, SMEs lag larger firms in digital 

adoption, and the gaps increase as the technology becomes more sophisticated (Customer 

 
24 The skill measures are participation in training (both high and low-skilled), quality of management schools and adoption 

of high-performance work practices. Further details on the other measures can be found in Sorbe et al. 2019, p.15). 



155 

 

Relationship Management (CRM)/Enterprise Resource Planning (ERP) systems, cloud 

solutions, etc.), and when scale matters for adoption. For example, ERP systems tend to have 

large, fixed cost outlays and require significant internal capability to develop and manage, 

which deters many SMEs from investing in them. Despite firms’ ability to access cloud-based 

solutions on a variable cost basis, there are considerable differences in adoption rates across 

countries. Cross-industry differences in take-up of technologies such as ERP and CRM are also 

significant, reflecting the relative importance of supply chain management and customer 

relationship management across different industries (for example, ERP tends to be more 

utilised in manufacturing due to the importance of supply chain management).   

SMEs also face specific challenges in managing digital security and privacy risks. This is 

primarily due to lack of awareness, resources and expertise to assess and manage these risks 

effectively. Another distinctive characteristic of SME’s digital adoption is that they tend to 

outsource solutions. The OECD states that this is partly to compensate for weak internal 

capabilities, but also because external providers can provide the services for less cost. For 

example, digital platforms can provide SME customers with data analytics and other business 

intelligence products.   

8.2.2.1 Issues and policy measures 

The OECD (2021) states that the SME lag in digital adoption arises from a number of issues, 

including lack of information and awareness, skills gaps, access to capital and lack of 

complementary assets such as technology or organisational practices. Policies to remedy these 

issues should focus on: 

▪ Providing SMEs with technology support and assistance. A number of governments 

have sought to overcome knowledge and awareness gaps by helping SMEs conduct 

technology assessments. Financial and technical support may also be supplemented 

with training and guidance on the skillset and organisational changes required to 

support technological changes. 

▪ Encouraging SME training and upskilling. Attracting and retaining skilled talent is 

particularly difficult for SMEs as they typically lack the resources and networks to 

identify talent, and may struggle to compete with renumeration offered by larger firms. 

Providing ongoing training is also difficult due to lack of resources and expertise, and 

policy makers can therefore help SMEs by subsidising or directly providing training in 

digital skills and management education.     
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▪ Leveraging Fintech and alternative sources of finance for SMEs. SMEs face 

internal and market barriers to obtaining finance. Internal barriers include a lack 

knowledge on financial options, insufficient financial skills on the part of 

owners/managers and a lack of collateral to obtain finance (especially for intangible 

intensive firms). Market barriers include information asymmetries between financial 

institutions and SMEs, and higher borrowing costs relative to larger firms. New fintech 

solutions can help address these issues through more effective credit risk assessments 

and lower transaction costs, and governments can help this process by providing 

effective regulation regimes for these fintech firms and products.  

▪ Raising SME digital security profile. Lack of resources and expertise amongst SMEs 

is also a major issue with regard to digital security. Digital certification programs, 

awareness campaigns and tax incentives have been used by policy makers to address 

this issue.  

▪ Promoting e-government and e-services for SMEs. Bringing services online can help 

reduce bureaucratic complexity and transaction costs, particularly when provided 

through integrated (‘one-stop shop’) platforms. A wide range of services can be 

provided, such as information provision and awareness raising, assistance in 

procedures, online certification and diagnostics. The OECD provides the example of 

Latvia, where more than 30 government services are available through a centralised 

Electronic Application System. In Turkey, 23 digital services aimed at SMEs are 

provided through its KOSGEB e-government system.  

▪ Deploying high-quality digital infrastructure and platforms. Providing adequate 

infrastructure is vital in helping SMEs digitalise, and access to high quality broadband 

can be a key issue in some areas. The OECD (2021) cites two studies (Bertschek et al. 

2013; Haller and Lyons 2015) linking broadband connectivity to innovation 

performance. It notes that high quality broadband infrastructure is particularly 

important for accessing cloud-based services which can be very beneficial for SMEs. 

This is an important point, and is addressed further below.   

8.2.2.2  Promoting cloud based services 

As noted in Section 8.2.2, gaps in technology adoption by SMEs increase as the technology 

becomes more sophisticated and when scale matters for adoption, due to greater requirements 

in terms of expertise and higher levels of fixed costs. The OECD (2021) notes that cloud-based 
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services can help address these issues, as they can be obtained on a variable cost basis and shift 

much of the expertise requirements to the vendor.  

This view is very much in line with the findings of the thesis, which has outlined the 

complementarities between digital technologies and technical and managerial skills, as well as 

the fact that profit gaps between industry leaders and laggards tend to increase with higher 

levels of fixed costs. Turning fixed costs into variable costs can potentially reduce risk 

substantially, as well as easing financing requirements on SMEs seeking to undertake a digital 

transformation (a significant issue in itself). Despite these benefits, the OCED notes substantial 

variation in the take-up of cloud-based services amongst SMEs across countries. There is 

therefore a role for policymakers in promoting these services to SMEs, especially in countries 

where adoption rates are low.  

8.2.2.3 Implementing policies to promote broad based digitalisation 

This section has noted the importance of the heterogeneous impact of digital investment, and 

how policy makers must account for this when designing policy. It is vital that organs of 

government responsible for implementing industrial policy also recognise this. For example, 

Enterprise Ireland is a statutory body responsible for the development and growth of Irish 

enterprises in world markets, and plays a role in fostering the digital development of SMEs 

through funding supports and capability building initiatives/training.25 Delivering tailored 

supports that recognise the importance of firm heterogeneity would involve segmenting firms 

along two primary differentiators (the level of digital maturity and the size of the firm) and a 

secondary differentiator (the industry in question), as outlined below.   

 
25 https://www.enterprise-ireland.com/en/About-Us/  

https://www.enterprise-ireland.com/en/About-Us/
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Figure 8-3 Tailoring firm-level interventions  

 

Source: author.  

The first aspect is the level of digital maturity. Firms could be assessed through simple 

questionnaires to establish the degree of digital and complementary skills, such as managerial 

and other technical skills. The level of digital maturity could serve as a proxy for the level of 

productivity, and as discussed previously, less productive firms have specific issues. 

Interventions (such as training programs, technology supports and financial assistance) would 

then be customised according to the appropriate level of digital maturity, as well as the size of 

the firm. For example, for less digitally mature smaller firms, renting less complex cloud-based 

solutions may be more appropriate than more complex and bespoke solutions that may carry 

large fixed costs.    

The final aspect is the industry in question. Research by the OECD (2021) shows substantial 

differences in the types of digital technologies used across different sectors, as well as their 

efficacy (Gal et al. 2019).  For example, ERP systems tend to have a larger impact in 

manufacturing industries, which may reflect more complex supply chains and the need for 

greater production coordination. 

To conclude, each of these three aspects represent vectors of significant heterogeneity. Altering 

policy interventions along these vectors would ensure that the right type of technologies, 

training and financial assistance are provided to the appropriate firms.  

8.2.3 Addressing durable market power through competition policy 

Even if policy makers succeed in addressing the issues above and boosting the competitiveness 

of less productive and/or smaller firms, there may still be instances where certain firms 

accumulate a degree of market power that may require government regulation or intervention. 
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The growth of digitalisation across all industries, and the development of digital markets in 

particular, presents new challenges for competition policy. The OECD (2022a) ‘Handbook on 

Competition Policy in the Digital Age’ notes a number of unique aspects of digital markets that 

can shape competitive dynamics. They can include: 

▪ multi-sided markets (or ‘platforms’) that bring together creators, consumers and 

advertisers; 

▪ strong network effects where the value of the product(s) grow as the number of users 

grow. In extreme cases this can create monopolies;  

▪ substantial economies of scale or scope in the presence of high fixed costs and low or 

even zero marginal costs;  

▪ reliance on large amounts of user data that may be difficult to replicate and costly to 

analyse; 

▪ switching costs for users who have built a profile on a particular social network or 

reputation on an exchange platform; 

▪ important patents that may prevent competition in certain markets; 

▪ firms operating with low or zero price models at the point of consumption, and earning 

money from consumer data, advertising or premium services. The OECD notes that 

seven of the largest ten global firms provide zero price products; 

▪ disruptive innovations providing products/services outside of the regulatory 

frameworks limiting competition by incumbents; and 

▪ vertically integrated or conglomerate business models that may give rise to specific 

concerns. For example, digital platforms may favour their own products, or use 

dominance in one area to restrict competition in another by developing a walled 

ecosystem of products. 

The OECD (2022a) states that, in general, market power becomes a concern when it is durable, 

rather than a temporary reward for innovation that may be contested by a competitor with novel 

technologies. Market share remains one of the key metrics used by competition authorities to 

determine levels of market power, but that its distribution and stability over time should be 

assessed in addition to its absolute level. Market share stability can indicate a lack of dynamic 

competition and insurmountable entry barriers, especially in markets featuring frequent 

innovation where such stability is unexpected. Other metrics that can be used to assess durable 

market power are price levels, profit stability and industry entry patterns (OECD 2022b). 
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Durable market power is of particular concern when a dominant firm behaves anti-

competitively (for example by using its position to exclude competitors from a market or 

acquiring potential competitors), when competition is distorted by regulation that allows 

incumbent firms to maintain a dominant position for reasons unrelated to the attractiveness of 

its products/services, or when features of the market prevent entry or expansion by the 

dominant firm’s competitors. These features include strong network effects, strong economies 

of scale/scope or both, information asymmetries between firms and consumers, switching costs 

and other consumer behavioural biases.  

As noted above, many of these features are present in digital markets, and are increasingly 

present across a broader range of industries as use of digital technologies becomes more 

widespread. For example, Section 5.6.2 showed that returns to scale have increased on average 

over the period from 2001 – 2014 across both digital intensive and less digital intensive 

industries, though the increase has been greater in digital intensive industries (0.007 vs 0.005).    

8.2.3.1 Big is not necessarily bad, but extra vigilance is required   

The thesis has demonstrated a positive relationship between firm size and productivity, in line 

with the results of a number of other studies (see Section 5.2.2). In addition, a number of 

authors have noted a positive relationship between increased concentration and productivity 

(see Section 2.3.4), though there are differences across industries. The thesis has also shown 

an increase in returns to scale over time, in line with De Loecker et al. (2019).  

All of this points to technological forces helping larger firms become more productive, more 

profitable and achieving greater levels of market power relative to smaller firms. However, 

because the increased concentration is associated with higher productivity levels and not 

necessarily higher prices (Ganapati 2021), it is likely not harming consumers. Indeed, as noted 

by the OECD (2022), low or zero price models are a feature of large firms operating in digital 

markets (though obviously these are ultimately funded through advertising or other 

products/services from the same firm).  

In addition, the scale, technological sophistication and financial resources of some of the 

world’s largest firms enables them to invest in innovative technologies to an extent that is not 

possible for smaller firms. For example, figures from the US Bureau of Economic Analysis 

show that multinational enterprises have accounted for over 70% of total R&D expenditure in 

the US every year since 1989 (Foley et al. 2021). In a specifically digital context, recent 

developments in artificial intelligence provide a striking example of the central role large 

multinational firms can play in innovation.  
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Another compelling consumer benefit of larger firms can come from the vertically integrated 

or conglomerate business models discussed above. These pose a competition concern when the 

firm favours its own products across multiple arenas, but we must also acknowledge the 

consumer benefits they bring. For example, the fact that large technology firms can store 

documents, photos, video, music and other content from multiple devices in one location 

provides a considerable consumer benefit. There may be sizable economies of scope across 

different products, and breaking up these firms could destroy these economies of scope and 

reduce consumer welfare. We cannot, therefore, assume that ‘big is bad’ for many different 

reasons.  

Nevertheless, additional vigilance is required on the part of regulators due to the features of 

digital markets outlined above. Factors such as large economies of scale, substantial network 

effects and high switching costs can potentially give firms the type of durable market power 

that policy makers and regulators should seek to avoid. These assessments will need to be done 

on a case-by-case basis in order to ensure that consumers continue to benefit from the products 

and services provided from these larger firms, while being protected from durable market 

power.  

8.2.3.2 Removing barriers to competition 

Andrews et al. (2016) state that increasing productivity gaps between leaders and laggards may 

reflect a slowdown in the technology diffusion process. This, in turn, is likely a reflection of 

the lack of complementary managerial and technical skills discussed previously, which makes 

it more difficult for laggard firms to adopt these technologies. There may also be a role for 

competition policy, however.  

The authors find that productivity divergence between leaders and laggards remain after 

controlling for differences in capital deepening and markup behaviour, suggesting that rising 

gaps between frontier and laggard firms reflects technological divergence. Interestingly 

however, the rise in multifactor productivity divergence was more extreme in sectors where 

pro-competitive product market reforms were least extensive, suggesting that lax competition 

policies could be accentuating these dynamics. They conclude that there is considerable scope 

for further product market reform in many OECD countries, particularly in market services 

where the increase in MFP divergence has been strongest. Pro-competition reforms can be 

expected to promote the catch up of laggard firms by weeding out less productive firms and 

increasing incentives for laggards to adopt better technologies and business practices, spur 

market entry from new firms, and promote productivity enhancing reallocation between firms.   
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Another potential barrier to competition and knowledge diffusion comes from intellectual 

property regimes. Akcigit and Ates (2019) analyse patent data from the U.S. and find that 

registered patent ownership has become increasingly concentrated, mirroring the increase in 

market concentration. They also note an increase in the ‘strategic’ use of patents in the post 

2000 period. They distinguish between ‘external’ patents, that primarily cite patents outside of 

the firm’s own portfolio, and ‘internal’ patents that cite many patents from the firm’s own 

portfolio. If a firm seeks to expand into new fields, it will have more external patents, but if it 

aims to protect and exploit its existing technology, it will have more internal patents.  

They find that patents became more explorative until the turn of the century, but this trend 

reversed completely around 2000, with patents more exploitative and internal after this period. 

Interestingly the timing matches the decline in dynamism seen in the high-tech sector post 

2000, and points to another friction in the technology diffusion process. Policy makers may 

therefore wish to examine the relative costs and benefits of current intellectual property 

regimes.  

A final barrier to competition that merits particular mention is in the area of merger control, 

and in particular the practice of large firms acquiring smaller potential competitors. Given the 

scalability of digital and other intangible assets, such smaller firms may have the potential to 

grow quickly and become significant competitors, increasing incentives for incumbent firms 

to acquire them before this happens. The OECD (2022a) states that policy makers should 

consider adjusting notification thresholds to capture anti-competitive acquisitions of emerging 

competitors, and increasing the focus on innovation and dynamic competitive issues. This is 

particularly important in rapidly developing digital markets.  De Loecker et al. 2022) echo this 

sentiment, and advocate for a greater burden on dominant firms to reassure competition 

agencies that harm is unlikely from the acquisition of a smaller competitor, rather than the 

burden of proof resting with competition agencies. 

8.3 Broader implications for policy 

Uneven participation in the opportunities created by digitalisation is not restricted to firms. 

These issues are also evident with regard to people and places. 

8.3.1 Rising income inequality 

Autor (2022) provides an overview of how technological change can, and has, shaped labour 

market outcomes. He notes that technological change renders some tasks obsolete, but also 

creates new opportunities for those with the skills to take advantage of them. This ‘task 
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polarisation model’ has been used to explain increasing levels of wage inequality, with middle 

income workers seeing wages squeezed by advances in digital technologies, while many high 

skill occupations have had their productivity augmented by technological change, enhancing 

their wages. The impact on inequality has been significant, with Acemoglu and Restrepo (2022) 

estimating that between 50 and 70 percent of overall changes in the U.S. wage structure over 

the last four decades are caused by automation.  

Changes in technology are also having impacts on income inequality via relative returns to 

labour and capital. Section 2.2.4 has already documented how the labour share of income has 

been declining and the capital share increasing. This heightens inequality due to the fact that 

capital ownership is highly uneven (Piketty 2014).  

Another channel through which technology impacts income inequality is via the concentration 

of returns to capital due to rising firm-level inequality. Bloom (2017) shows that while average 

annual salary for those in the 25th and 50th percentile of the income distribution in the US has 

hardly moved in real terms, income for those in the 90th and 99th percentiles have increased 

substantially. Pay gaps are therefore rising dramatically, particularly for the 99th percentile 

group.  

The key driver of this inequality is not increasing pay gaps between those at the bottom rung 

of the corporate ladder versus the CEO (within company gaps) – it is for those who work at the 

highest paying firms versus the rest (between company gaps). There has been a large increase 

in the dispersion of average wages amongst firms. Song et al. (2019)  elaborate on this and find 

that about one-third of the rise in the variance of earnings in the U.S. occurred within firms, 

with two-thirds due to a rise in the dispersion of average earnings between firms. This between-

firm dispersion is in turn driven by the fact that high-wage workers are increasingly likely to 

work at high-paying firms (what they refer to as increased ‘sorting’), and that high-wage 

workers are increasingly likely to work with each other (increased segregation).  

Bloom (2017) states that increasing productivity differences between firms (driven by IT 

investments and winner takes most competition) are a key contributor to this wage inequality. 

Qureshi (2022) also notes that workers with skills complementary to new technologies are 

increasingly clustered in dominant firms at the technological frontier, leading to ‘skill-biased 

technological change’.  

Berlingieri, Calligaris and Criscuolo (2018b) also find that between firm wage dispersion is 

driving overall wage inequality, and this wage dispersion is linked to increasing productivity 

dispersion (occurring mostly within sectors). Globalisation and digitalisation are associated 
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with higher wage divergence. In addition, Card et al. (2018) note the links between greater 

productivity dispersion at the firm level and greater wage dispersion. Controlling for worker 

heterogeneity, they find a ‘rent sharing’ elasticity of 0.10 – 0.15, implying that a 10% increase 

in value added per worker is associated with a 1 – 1.5% increase in wages. Differences in 

worker skill levels account for about 40% of the observed pay differences.  

We therefore have three channels through which technology is impacting income inequality, 

as Qureshi (2022) points out: 

1. a shift in income from labour to capital; 

2. a more unequal distribution of capital income; and 

3. rising inequality of labour income.  

8.3.2 Rising geographic inequality 

A report by McKinsey (Manyika et al. 2018) also noted increasing inequality amongst cities 

when analysing the extent of ‘superstar’ effects amongst firms, sectors and cities. The report 

identified 50 superstar cities (as well as 75 ‘regional superstars’) that are pulling away from 

other cities in terms of GDP and personal income per capita. The cities were ranked in terms 

of their GDP per capita relative to other cities in their region, as well as their PPP adjusted 

share of global GDP. The 50 superstar cities identified in this process account for 8% of global 

population but 21% of global GDP. The gap in terms of GDP per capita relative to their peers 

is also rising – in 2007 their GDP per capita was 30% higher, while in 2015 the gap reached 

45%.   

These superstar cities tend to have a number of factors in common. Many are financial centres, 

with 17 of the top 20 financial centres globally also classed as superstars. A high proportion 

are ranked as global innovation hubs, with the top 50 superstars accounting for 70 percent of 

multinational firms’ R&D investment. They are also very well connected in both political and 

trade terms – a large proportion are national or regional capitals, while many serve as “gateways 

of cross-border trade, finance, people, and data flows” (Manyika et al. 2018, p.41). 

The importance of finance and innovation points to a role for intangible assets in driving these 

dynamics, and the report does indeed make this connection. It also sees intangible assets as a 

driver with regard to firm and sector dynamics, and notes that superstars in all three areas 

display “relatively higher levels of digitization; greater labor skill and innovation intensity; 

more connections to global flows of trade, finance, and services; and more intangible assets 

than do their peers” (Manyika et al. 2018, p.1).  
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It would seem, therefore, that the characteristics of intangible assets such as scalability, 

synergies and spillovers are contributing to greater inequality in a range of spheres, and points 

to a role for government in addressing this intangible driven inequality. Tackling firm-level 

inequality via the measures described in the previous section should help in this regard, though 

more stringent income redistribution measures may be required if income inequality remains 

an issue. This is a separate area of enquiry with an extensive literature, though one that lies 

outside the direct scope of the thesis.         

8.4 Potential impacts of the growth in machine learning and AI 

8.4.1 Developments in AI and the automation of human tasks 

The OCED26 defines an AI system as “a machine-based system that is capable of influencing 

the environment by producing an output (predictions, recommendations or decisions) for a 

given set of objectives. It uses machine and/or human-based data and inputs to  

(i) perceive real and/or virtual environments;  

(ii) abstract these perceptions into models through analysis in an automated manner 

(e.g. with machine learning), or manually; and  

(iii) use model inference to formulate options for outcomes”.  

One of the key features of AI that distinguishes it from previous automation efforts is its ability 

to ‘learn’ in a manner that does not require specific human input. Autor (2022) states that in 

the past computers have been used to automate relatively routine tasks. What makes these tasks 

routine is that they have a fully specified set of well-defined rules and procedures that can be 

explicitly programmed. Tasks that require tacit knowledge, on the other hand, proved to be a 

more difficult challenge. Tacit knowledge (such as riding a bike) involves skills that are 

typically gained by experience and are very difficult to codify. Because humans cannot express 

how they do these things, they cannot in turn tell a computer how to do it.  

As Autor (2022) notes, AI can now solve this problem, though not by being given specific rules 

to do so. Instead, it learns inductively by training on examples. He describes the process of 

developing a program to recognise an image of a chair. A chair is notoriously difficult to define, 

as they vary so much in design that defining one too narrowly will omit many examples such 

as stools and rocking chairs, and defining too broadly will include things like tables. If an AI 

program is trained on enough examples of chair images, it can develop statistical associations 

 
26 OECD (2023) OECD AI Principles overview. Available at: https://oecd.ai/en/ai-principles (Accessed: 20 May 

2023).    

https://oecd.ai/en/ai-principles
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that enable it to recognise previously unseen images of chairs with a high degree of accuracy. 

The irony is that we typically cannot observe the rules that the AI system uses to recognise 

these images. The knowledge remains tacit – only this time the AI system cannot tell us, rather 

than us not being able to tell the AI system.  

The implications of AI developing this type of implicit, as well as explicit, knowledge are 

profound, as it vastly increases the scope of tasks that computer systems can perform. This has 

significant implications regarding the task model outlined in Section 8.3.1, with many tasks set 

to be automated and others augmented. Autor (2022, p.38) states that it is “a near-certainty that 

AI will increasingly be deployed to accomplish mid- and high-level decision-making tasks that 

have historically been performed by managers and professionals… and this is already occurring 

in finance and investing, inventory management, credit issuance, fraud detection, and even 

some fields of design”. The automation of certain tasks does not necessarily devalue these 

occupations and remaining tasks that are performed by workers may become more valuable. 

However, greater income inequality is certainly a possibility, particularly in the absence of 

policy interventions. Autor (2022) recommends investments in education and training to ensure 

workers have the skills required for the modern economy. He also recommends that innovation 

efforts be focused more on activities that complement the skills of the labour force, rather than 

replace them.     

8.4.2 AI’s potential impacts on scale 

The previous section outlined how AI is likely to replace many managerial and professional 

tasks. This has potentially significant impacts for firm size and competition between larger and 

smaller firms. The Crouzet et al. (2022) model predicts that firm size increases with the degree 

of non-rivalry of intangible assets. Digital managerial resources are obviously considerably 

more non-rival and scalable than human managerial resources, given that some human based 

managerial resources will need to be moved to train new managers in other areas. The same AI 

based inventory management system, for example, could in principle be used across an infinite 

number of new locations with no implications for its use in an existing location. An increase in 

the degree of non-rivalry of a firm’s intangible assets would, all else equal, lead to an increase 

in optimal size in the Crouzet et al. (2022) model.  

Replacement of human with AI resources could also remove one of the key constraints to firm 

growth. Penrose (1959) identified two fundamental constraints on firm size, namely managing 

complexity and expanding its base of knowledge. The ‘inherited managerial resources’ of the 

firm must be expanded in order to deal with additional complexity as it grows. The existing 
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managerial resources at any given period of time therefore set a limit to firm expansion. AI 

systems could potentially ease this managerial constraint considerably, allowing it to deal with 

complexity in a considerably more scalable manner. Returning to the inventory management 

example, a firm would not necessarily need to hire multiple additional inventory management 

specialists as it grows (or not to the same rate, at least).  

Another constraint that could be eased by AI is that of human capital depreciation. Experience 

and learning by doing can have a significant impact on productivity. For example, Benkard 

(2000) observed a 75% decline in the number of labour hours required to assemble a new model 

of aircraft at Lockheed Martin from the first aircraft to the 100th. He estimated learning rates 

but also ‘forgetting rates’ – how fast the knowledge stock built by learning depreciates. 

Interestingly, he found this be very significant at 40%. This may not occur due to ‘forgetting’ 

as such, but factors such as labour turnover. If human capital that is free to leave is replaced by 

AI systems, this could have a significant impact on knowledge stock depreciation rates and, by 

extension, profitability.   

If these AI systems require primarily bespoke investments with high fixed costs, then this could 

reinforce many of the dynamics of increasing returns to scale, greater productivity divergence 

and higher profitability for larger firms discussed in the thesis. Smaller firms may not have the 

scale to justify these investments, and would continue to rely on labour rather than digital 

assets. The extent to which technologies must be developed on a bespoke basis (with significant 

requirements in terms of fixed costs and expertise), versus being bought in on a variable cost 

basis, may therefore be crucial.  

If, on the other hand, we see more general cloud-based solutions that can be accessed on a 

variable cost basis, the impacts on competition may not be as dramatic. This would make these 

systems accessible to smaller firms who would not otherwise have sufficient capacity in terms 

of finance and skills/expertise. This could result in scale dynamics that are similar to the ‘Cloud 

Computing’ category in Figure 8-1, rather than CRM or ERP. Another factor that could lead to 

lower fixed development costs is advances in AI that generate code and potentially enable 

coders with less experience to develop bespoke solutions, and/or enable experienced coders to 

be much more productive.      

However, even if it is possible for smaller companies to develop solutions at relatively low 

fixed cost or variable cost basis, access to data may still provide larger firms with a competitive 

edge. If access to customer and other firm specific data is a key determinant of algorithmic 

performance, then large companies with access to larger proprietary datasets will have an 
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advantage. Even if two firms begin with identical algorithms, the performance of these 

algorithms will diverge if one develops on a larger and richer dataset. Size could therefore 

remain a key determinant of performance, even if a solution can be outsourced or developed at 

a competitive cost.   

8.5 Conclusions 

There is a significant amount of evidence that shows technology creates winners and losers and 

has been a driver of inequality with regard to firms, people and places. This creates a role for 

policy makers in addressing some of the constraints and issues faced by those with unequal 

opportunities to benefit from technological advances.  

Government should ensure that less productive and/or smaller firms have the opportunity to 

derive greater benefits from digital technologies by addressing skill, managerial and 

organisation deficiencies, and providing greater access to finance where appropriate. They 

should also ensure that these interventions are tailored according to individual firms’ level of 

digital maturity, their size and industry in order to gain the maximum benefit. Adequate 

infrastructure should also be put in place, both in terms of physical infrastructure and access to 

e-government. In addition, policy makers should address potential barriers to competition, such 

as overly restrictive intellectual property regimes and predatory M&A practices, while 

assessing instances of excessive and durable market power.  

Looking ahead, policy makers will need to carefully assess the impact of AI on competition. 

There are a number of reasons to believe that these technologies could increase the scalability 

of firms’ intangible assets, leading to larger optimal firm sizes and greater returns to intangible 

capital. If these AI investments are bespoke and require substantial fixed costs, this may tilt the 

competitive balance further towards larger firms.   
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Chapter 9 Conclusions 

9.1 Introduction 

The thesis outlined a number of dramatic changes in firm-level investment patterns over the 

past 50 years, and since the mid to late 1990s in particular. Investment in intangible assets have 

increased substantially since the 1970s, and digital investments specifically have seen even 

greater growth since the 1990s. This has coincided with a period of increased market 

concentration, and one in which average markups and accounting profits increased. Given these 

developments, and the fact that digital investments create new ways to produce and consume 

products and services, it is natural to ask if their emergence may be altering competitive 

dynamics. 

The market power literature has been split between those who saw these trends being driven 

by ‘pure market power’, stemming from poor competition policy and declining anti-trust 

enforcement, and those who argued that more fundamental forces are at work, such as changing 

technologies. There may be no unambiguous answer given that the relative importance of 

factors such as regulation, technological change and barriers to entry vary by industry, and may 

also vary over time. The weight of evidence would seem to indicate that increased digitalisation 

has been a major factor, however.  

For example, a number of authors found that increasing concentration has been associated with 

higher productivity (as might be expected if the changes were due to technology), rather than 

higher prices (as a consequence of pure market power). This is not to say that there is no role 

for increased regulatory vigilance, and indeed the lack of such vigilance is likely to accentuate 

negative trends with respect to factors such as markups, profitability and labour share. 

However, it will not be a panacea for deeper structural changes, driven by changing 

technologies and investment patterns.  

Despite significant progress in the study of competition and market power, a number of 

questions remained unanswered, specifically with regard to the interaction of scale and market 

power. The key overarching question addressed in this thesis was whether or not changing 

production dynamics, brought about by the development of digital technologies, are having 

heterogeneous impacts on firms of different sizes, thereby changing the balance of competition 

between larger and smaller firms. There are a number of theoretical reasons to believe that this 

may be the case, related to the inherent scalability of intangible capital and the high fixed 
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cost/low marginal cost nature of many intangible investments. Specific empirical evidence was 

lacking, however.    

The data and methods used to evaluate the research questions, as well as their conclusions, are 

described in Section 9.2. Section 9.3 outlines the limitations to the research, and section 9.4 

sets out a number of themes for further research.  

9.2 Conclusions 

9.2.1 Are larger firms gaining in market power, and is technology a factor?  

The starting point of the research was to establish whether larger firms have gained greater 

levels of market power relative to smaller firms by analysing changes in their profitability, 

markups and productivity. It then sought to establish if technological change was a factor in 

these changes.  

Data 

The thesis made use of Orbis data, which contains large numbers of privately owned firms. 

While smaller and younger firms tend to be underrepresented (especially in services sectors), 

the extent of the bias is much less severe than some other databases that are primarily based on 

publicly listed firms. This makes it particularly suitable for addressing questions of markups, 

multifactor productivity (MFP) and scale. 

The specific database used was obtained from the OECD, and went through an extensive 

cleaning process as outlined in Gal (2013) and Bajgar et al. (2020). The final sample contained 

almost 2.3 million observations over 16 years from firms across 26 countries, and is described 

in Section 4.2.1.  

Methods 

A two-stage process was used to account for endogeneity in the estimation of industry 

production functions and generate estimates for MFP and markups. The thesis then examined 

if there were statistically significant differences in MFP and markups between smaller and 

larger firms, and how these differences evolved over time.  

The data was split into economic cycles, as defined by the US NBER, and separate production 

functions were estimated for each industry-cycle pair. Splitting the data into cycles allowed for 

any changes in production technology between the cycles to be assessed and accounted for, 

while keeping a reasonable span of time to analyse changes in MFP with a common production 

technology. Four size groups were used to assess the impact of scale: firms with less than 50 

employees; 50 – 499 employees; 500 – 4,999 employees; and 5,000+.   
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Findings 

The thesis found evidence of a significant size premium with regard to both markups and MFP, 

and the importance of size tended to increase over time for both markups and MFP. Given that 

larger firms (those with 500+ employees) grew faster, were more profitable, earned higher 

markups and were more productive, the thesis concluded that they had greater levels of market 

power. The fact that their profitability and markup advantages grew over time indicated that 

this power increased.  

Because markup patterns were mirrored by the MFP patterns, there is a reasonable basis to 

believe that changes in technology contributed to these dynamics. In addition, the increase in 

markup gaps between larger and smaller firms was greater in the digital intensive category, 

while the impact of moving up size groups was also greater in digital intensive industries. This 

was particularly the case in the most digitally intensive category. Finally, we saw an average 

output elasticity of greater than one in both digital intensive and less digital intensive 

categories, though the magnitude was greater in the digital intensive category in both periods 

(1.03 vs 1.02 in Cycle 1, and 1.04 vs 1.03 in Cycle 2).   

9.2.2 Are production dynamics changing, and is this impacting competition?  

Having established that large firms (those with 500+ employees) are gaining in market power 

relative to smaller firms, the thesis went on to address some of the mechanisms underlying 

these changes. It looked at how digitalisation is impacting production dynamics, and how this, 

in turn, is impacting competition. 

The breadth of coverage in the Orbis data used in Chapter 5 makes it well suited to analysing 

questions of scale and productivity. The primary drawback of the data is the lack of depth of 

information for individual firms, making estimates of stocks of digital and other intangible 

assets very difficult. Specifically, the Orbis data does not contain information on sales, general 

and administrative (SG&A) expenses, which a number of authors such as Peters and Taylor 

(2017) and Ewens et al. (2021) have used to generate firm-level estimates of intangible capital. 

The thesis therefore made use of the Compustat database, which contains information on 

SG&A expenses, to generate firm-level estimates of intangible capital. These estimates were 

then used to analyse changes in production dynamics and their impact on competitive 

dynamics.   

Data 

The Compustat data used in Chapter 6 has much more comprehensive information on the book 

value of intangible assets relative to Orbis, and also contains information on SG&A expenses 



172 

 

which can be used to generate comprehensive estimates of intangible assets (as outlined in 

Section 6.4.2). This makes the dataset suitable for addressing issues regarding the interplay of 

intangible assets, scale and market power. While the geographic scope is more limited relative 

to Orbis, as it consists primarily of US headquartered public firms, this is not considered to be 

a significant drawback given that the objective is to study dynamics related to intangible assets. 

The United States has some of the highest rates of intangible investment in the world (see for 

example Corrado et al. (2016) or Haskel and Westlake (2018)), and is also home to many of 

the world’s leading technology firms such as Apple, Google and Meta. A database containing 

detailed financial information on US public firms therefore provides an excellent basis to study 

dynamics related to intangible capital.     

All financial data, including the intangible capital estimates, were deflated with the most 

granular set of deflators available in order to generate accurate and industry specific data. For 

example, gross output was deflated with over 400 unique deflators. This is particularly 

important given the importance of accurate inputs to the production functions, as well as the 

long timespan of the Compustat data.   

Methods 

The data gathering and cleaning process produced extensive firm-level estimates of intangible 

capital stocks from 1970 – 2019. This enabled an analysis of the impact of intangible capital 

on changing production dynamics by estimating production functions with an intangible capital 

input using the standard two-stage process to account for endogeneity.  

An empirical assessment of the scalability of intangible capital was carried out by assessing its 

impact on profitability across firms of different sizes. Its effect on competition dynamics was 

also assessed by examining if intangible capital played a role in increasing profitability gaps 

between leaders and laggards.   

Findings 

The results from the production function estimates indicated that changes in firms’ cost 

structures and the growth in intangible assets was reflected in changing production 

technologies. There was substantial growth in the intangible capital coefficients over time, and 

in the most recent cycle in particular. In the last three economic cycles, the average industry 

intangible coefficient increased from 0.04 (1991 – 2000), to 0.05 (2001 – 2007), and reached 

0.08 in the most recent cycle (2008 – 2019). This stood in contrast to physical capital, where 

the average coefficient remained at 0.06 over the same period.  
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The increase in the average intangible capital coefficient was particularly pronounced in the 

digital intensive category, and in the most digital intensive (4th quartile) category in particular. 

The average intangible coefficient in the digital intensive category was 0.10 in the most recent 

cycle, and stood at 0.11 amongst industries in the 4th quartile of digitalisation. The positive 

relationship between the degree of digitalisation and the intangible capital coefficient held 

whether the sector was manufacturing or services.  

The scalability of intangible capital was demonstrated in a number of ways. There was a clear 

contrast in how the average revenue product (ARP) of intangible capital changes with size 

relative to physical capital, and a uniform increase in ARP with scale in the digital intensive 

category. The thesis also found evidence for significantly stronger relationships between 

profitability and intangible assets for the largest firms in a given industry, with these 

relationships growing stronger in the most recent economic cycle.  

More granular regressions with five different size groups show that the marginal impact of 

intangibles increases systematically with size, with the effect slightly more pronounced in the 

digital intensive category. Finally, we saw evidence that intangible capital is contributing to 

increasing profitability gaps between industry leaders and laggards.   

9.2.3 Is increased digitalisation leading to lower corporate tax revenues?  

One of the more controversial aspects of increased digitalisation has been its perceived impact 

on corporate tax revenues.  Low effective corporate tax rates at a number of large and highly 

profitable technology firms have led many to question their use of intellectual property and 

other intangible assets to pay less tax, and prompted multilateral efforts to reform corporate tax 

codes.  

Data 

Financial data from Compustat and estimates of firm-level intangible capital were employed 

to establish if firms in digital intensive industries have indeed used intangible assets to pay less 

corporate tax. The Compustat data includes information on cash taxes paid for the majority of 

firms in the database as well as earnings before tax. This enabled the calculation of cash 

effective tax rates (Cash ETRs), a standard measure of an effective corporate tax rate used in 

the literature. 

While the Compustat data is restricted to mainly US headquartered public firms, this was not 

considered to be a limitation as the database contains many of the world’s largest technology 

firms that are the centre of this research question.    
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Methods 

The Cash ETR was regressed on a dummy equal to one if the industry in question was defined 

as digital intensive (as per the OECD taxonomy outlined in Section 5.5.1) as well as a number 

of controls. An alternative measure of industry digitalisation, based on data from the US Bureau 

of Economic Analysis (BEA), was used as a robustness check. The creation of the BEA based 

measure is described in Section 0.  

Findings 

Despite the controversy, there was little evidence of significantly and systematically lower 

Cash ETRs in digital intensive industries. There was heterogeneity amongst firms however, 

with larger firms in digital intensive industries having slightly lower ETRs than their 

equivalents in less digital intensive industries. MNEs in digital intensive industries also had 

slightly lower ETRs than MNEs in less digital intensive industries. While this could be 

indicative of their capacity to use intangible assets to lower Cash ETRs, the effects are modest.  

9.2.4 The scalability of intangible assets and their impact on competition  

A defining feature of intangible assets is their non-rival nature and the potential scalability that 

it provides. As more of a firm’s assets become intangible in nature, the relative costs and 

benefits of scale can change. As fixed costs become larger and marginal costs become lower, 

firms have an added incentive to grow and achieve greater scale. If other factors such as 

network effects, switching costs and economies of scale with regard to data are present, 

competition in the market can become ‘competition for the market’. At the extreme, Appendix 

1 shows that if part of a firm’s marginal costs is zero, scale can become a determining factor in 

profitability, even if firms have access to the same production technology and are producing 

on the efficient frontier. This is not the case in a world of purely physical assets.   

Another factor that promotes firm scale is the impact of digital assets on managing complexity. 

Dealing with complexity is one of the main diseconomies of scale, and the ability of digital 

assets to ensure that information flows effectively around large firms can help greatly in this 

regard.   

The thesis has shown that the scalability of intangible assets is not a theoretical question and is 

now having significant, and growing, impacts on competition between firms of different sizes, 

with larger firms benefitting disproportionately from digital and other intangible investments. 

There are policy measures that can help redress this balance, and it is vital that governments 

pursue them. Doing so in a comprehensive and coordinated way is not easy however, as the 

measures span industrial policy, competition policy, education, and tax policy, to name but a 
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few. The wide breadth of policy areas is perhaps no surprise given the pervasiveness of digital 

technologies in our commercial and social lives. Industrial policies also need to be tailored 

according to firm size, digital maturity and industry to have the maximum effect.    

9.3 Limitations and measures to address them 

The main limitation in the study was the lack of an accurate and comprehensive measure of 

digital assets at the firm level. A number of studies have used various factors to proxy this 

information, such as the number of software engineers employed or investment in software. 

None of these measures are perfect, and the thesis did not have access to them in any case. 

However, it did have the means to estimate intangible assets more broadly. Given the inherent 

complementarity between digital assets and other intangible assets such as knowledge capital 

and human capital, this is seen as a feasible substitute.  

A more fine-grained firm-level intangible measure would also be desirable. For example, it 

could be possible to weight knowledge capital by patent quality, or organisational capital by 

management quality. This data would be difficult to obtain however, and the gain in granularity 

would likely have a large cost in terms of sample size.  

A second way of dealing with the lack of a firm-level measure of digitalisation is to observe 

industry level trends making use of the taxonomy developed by the OECD that classifies 

industries into ‘digital intensive’ and ‘less digital intensive’. The patterns emerging at the 

industry level enabled a ‘cross-check’ of the firm-level results and tended to be quite consistent 

with what would have been expected (higher markups, larger intangible coefficients, faster 

average growth rates, etc.).     

In addition, the analysis of Cash ETRs suffered a potential bias created by excluding 

observations with pre-tax losses. If patterns of losses vary between digital intensive and less 

digital intensive industries, the extent of the bias could also vary. While the thesis made a 

number of attempts to account for this bias (by controlling for prior period losses, etc.), some 

bias may have remained. 

9.4 Topics for further research 

The first area for further research was mentioned in the previous section, and concerns a more 

robust and fine-grained measurement of intangibles at the firm level. Accounting conventions 

dictate that most intangible costs are expensed as incurred rather than capitalised, even when 

the firm may benefit from these expenditures over a long period of time. A number of authors 

such as Lev and Feng (2016) have argued for reform of accounting practices to better reflect 
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the value of intangible assets, but in the absence of such reform, other paths will have to be 

found.  

One obvious avenue is to further refine the method developed by Peters and Taylor (2017) and 

Ewens et al. (2021). Weighting knowledge capital by patent quality, or organisational capital 

by management quality are two possibilities, and other avenues of exploration are no doubt 

possible. Obtaining data on management quality along with intangible stocks would have the 

further benefit of examining the complementarities between management quality and 

intangible capital.   

Further research into specific types of intangibles (such as knowledge capital and 

organisational capital), and how returns on these assets vary with scale could also be fruitful. 

The regression results in Table 6-7 (Relationship between profit margin and intangible capital 

split by intangible type) suggest that returns to organisational capital increase with firm size. 

This is in line with what we might expect, given that many of the intangible assets in the SG&A 

category (such as finance and HR systems) can be used across the entire firm, generating 

economies of scale through a degree of non-rivalry of use. 

Related to these questions are the role of intangibles in determining economies of scale and 

economies of scope. As noted above, organisational intangibles would appear to promote scale 

economies. It may be that knowledge intangibles are associated with economies of scope. As 

noted by Beinhocker (2007) and others, knowledge has a modular, building block character in 

that one technology can build on another to create new products and services. The extent to 

which knowledge capital provides economies of scope is an interesting empirical question, and 

one that has significant implications for a firm’s acquisition strategy through the relative costs 

and benefits of expanding outside of a firm’s original sector.  

New research into the combinational effects of intangible assets (for example brining together 

digital assets with other complementary intangible assets such as management practices, 

organisational structures and intellectual property) may also be an interesting area of enquiry. 

The Crouzet et al. (2022) model suggests that optimal scale is a function of the degree of non-

rivalry and excludability of a firm’s intangible capital. If combining multiple intangible assets 

in production can increase excludability (given that more complementary capabilities and 

technologies are more difficult to copy than less), without a corresponding decline in non-

rivalry, then the optimal firm size should increase. This would also have implications for the 

slower diffusion of technology that has been linked to declining business dynamism, increasing 
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productivity gaps and increased market concentration (see, for example, Andrews et al. (2016) 

and Akcigit and Ates (2021)).         

The influence of digital and other intangible assets on merger and acquisition (M&A) trends is 

another area of enquiry. The scalability of digital assets may be creating greater incentives for 

larger firms to buy smaller firms with a scalable intangible technology. Such a transaction could 

be optimal for both parties if the smaller firms’ scalable technology can be combined with a 

higher marginal cost resource owned by the larger firm (such as a large sales network). 

Economies of scale in the SG&A line may mean that large companies can provide such 

resources in a more efficient manner, while the risk and cost of developing the less scalable 

resource may mean that accepting an acquisition offer may the optimal outcome for the smaller 

firm. Such dynamics could be contributing to the dearth of high-growth smaller firms observed 

by authors such as Decker et al. (2014a, 2014b, 2016, 2017).   

Another potential avenue is to look at the properties of intangibles through the lens of their 

function within the firm. On the one hand, there are a set of ‘demand side’ intangible assets 

that are concerned with generating revenue through the creation of products and services and 

the acquisition of customers for those products and services (investments in R&D, brands, 

marketing and customer analytics). On the other there are intangibles concerned with 

coordinating production (what could be loosely described as ‘supply side’ intangibles). These 

are the managerial, organisational and digital assets that coordinate production, and ensure that 

the firm can fulfil the demand it has created. Key differences between the two may be the 

degree of risk attached and the extent to which they scale. R&D and the creation of new 

products and services is a highly uncertain activity and may not scale to the same degree as 

‘supply side’ intangibles (which mainly consist of organisational capital described earlier). 

Finally, there is a large amount of research being conducted on the economic impacts of AI 

across a range of topics. Its impact on competition and questions of scale is likely to be one of 

these topics, as outlined in Section 8.4. One specific avenue of research could focus on its 

impact on network performance, and by extension, economies of scale. The well known ‘beer 

distribution game’ experiment (Sterman 1989) showed how cognitive and other bounds on 

human rationality could lead to non-linear dynamics and mismanagement in a supply network. 

The extent to which a digitally run network with better information flows would produce more 

optimal results is an interesting question, and one that could have implications for the ability 

of large firm to take advantage of scale economies, as well as the depreciation of knowledge 

capital through the loss of human capital.  
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Appendix 1 Distinctive Aspects of Intangible Capital – Simple Example 

 

 

Description

The scenarios below sketch out 4 different scenarios where firms produce with 4 different capital structures. The firms have  the same technologies/cost structures/input 

and output prices. The only difference within the 4 scenarios is  the level of output. This is done to illustrate the impact of scale at different cost structures (1 variable vs. 3 

fixed and variable) and capital structures (1 labour only, 2 labour & tangible capital, and 1 labour with tangible capital & intangible capital). 

Differences between the levels of profit margin across the 4 scenarios are less important than differences between the firms within each of the scenarios.

Input Cell

Materials Cost per Unit of Output 20

Output to Labour Ratio 0.20 5 labourers required to make 1 unit

Labour Cost per Employee 5

Output Price 50

Output to Capital Ratio A 2 1 machine can make a maximum of 2 units (with labour)

Output to Capital Ratio B 20 1 machine can make a maximum of 20 units (with labour)

Capital Cost A 15

Capital Cost B 250

Min Labour/Capital Ratio A 4 Each machine in scenario A requires a minimum of 4 labourers to make 1 unit

Output at min ratio 1

Marginal labour output with 

capital 0.5 The machine in scenario A requires an additional 2 labourers per unit to a maximum of 2 units (so 1 cap, 6 labour = 2 units)

Min Labour/Capital Ratio B 28 Each machine in scenario B requires a minimum of 28 labourers to make 8 units

Output at min ratio 8

Marginal labour output with 

capital 1 The machine in scenario B requires 1 additional labourer per unit to a maximum of 20 units (so 1 cap, 40 labour = 20 units)

Intangible Capital Cost 1000

Labour/Capital Ratio with Int. 10 10 labourers are required with the automated solution regardless of number of machines

All Variable Cost Scenario
Output Materials # Labour Labour Cost Sales Profit Margin FC/Sales MC Markup

Firm 1 30 600 150 750 1,500 150 10.0% 0 45 1.11

Firm 2 33 660 165 825 1,650 165 10.0% 0 45 1.11

Firm 3 80 1,600 400 2,000 4,000 400 10.0% 0 45 1.11

When all costs are variable, scale is only relevant to absolute profit. It is irrelevant to profit margin.
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Labour and Capital Scenario A

Output Materials # Labour Labour Cost # Capital Capital Cost Sales Profit Margin FC/Sales MC Markup

Firm 1 30 600 90 450 15 225 1,500 225 15.0% 0.15 30 1.67

Firm 2 31 620 94 470 16 240 1,550 220 14.2% 0.15 30 1.67

Firm 3 80 1,600 240 1,200 40 600 4,000 600 15.0% 0.15 30 1.67

When some costs are fixed, scale becomes relevant, but only to the extent that the firm needs to have the appropriate level of fixed costs and variable costs. 1 machine can make a max of 2 units, 

so the optimal structure from a margin perspective is to sell in even numbers of output. This is why Firm 1 has higher profits in absolute and percentage terms than Firm 2 despite having lower 

output. It also matches the profit margin of Firm 3. Marginal costs are the same for all firms, and the difference in profit levels comes from fixed cost per unit.

Labour and Capital Scenario B

Output Materials # Labour Labour Cost # Capital Capital Cost Sales Profit Margin FC/Sales MC Markup

Firm 1 20 400 40 200 1 250 1,000 150 15.0% 0.25 25 2.00

Firm 2 31 620 71 355 2 500 1,550 75 4.8% 0.32 25 2.00

Firm 3 60 1,200 120 600 3 750 3,000 450 15.0% 0.25 25 2.00

Firm 4 80 1,600 160 800 4 1,000 4,000 600 15.0% 0.25 25 2.00

Firm 5 100 2,000 200 1,000 5 1,250 5,000 750 15.0% 0.25 25 2.00

Firm 6 120 2,400 240 1,200 6 1,500 6,000 900 15.0% 0.25 25 2.00

Firm 7 140 2,800 280 1,400 7 1,750 7,000 1,050 15.0% 0.25 25 2.00

Firm 8 160 3,200 320 1,600 8 2,000 8,000 1,200 15.0% 0.25 25 2.00

Firm 9 180 3,600 360 1,800 9 2,250 9,000 1,350 15.0% 0.25 25 2.00

Firm 10 200 4,000 400 2,000 10 2,500 10,000 1,500 15.0% 0.25 25 2.00

In this scenario, the firms operate with more expensive machines producing greater output, with a higher fixed cost and lower marginal cost structure. This will not impact profitability as long 

as the firm produces with the optimal proportions of fixed and variable inputs (in this case 10 units of output with 1 capital and 28 labour, rather than 2 units of output with 1 capital and 4 labour). 

The difference with the previous scenario is that the potential variability in profit increases. In the previous scenario, profitability could only range from 14.2% at 31 units, to 15% for all even 

numbers in the range of output from 30 - 80 units. In this case it can range from 4.8% at 31 units to 15% at output multiples of 10. While marginal costs per unit are lower than the previous 

scenario, they are the same for all firms, with all differences coming from fixed cost per unit.

Labour, Capital and Int. Scenario

Output Materials # Labour Labour Cost # Capital Capital Cost Int. Cost Sales Profit Margin FC/Sales MC Markup ARP Int ARP K

Firm 1 20 400 10 50 1 250 1,000 1,000 -700 -70.0% 1.25 20 2.50 1 4

Firm 2 31 620 10 50 2 500 1,000 1,550 -620 -40.0% 0.97 20 2.50 1.6 3.1

Firm 3 60 1,200 10 50 3 750 1,000 3,000 0 0.0% 0.58 20 2.50 3 4

Firm 4 80 1,600 10 50 4 1,000 1,000 4,000 350 8.8% 0.50 20 2.50 4 4

Firm 5 100 2,000 10 50 5 1,250 1,000 5,000 700 14.0% 0.45 20 2.50 5 4

Firm 6 120 2,400 10 50 6 1,500 1,000 6,000 1,050 17.5% 0.42 20 2.50 6 4

Firm 7 140 2,800 10 50 7 1,750 1,000 7,000 1,400 20.0% 0.39 20 2.50 7 4

Firm 8 160 3,200 10 50 8 2,000 1,000 8,000 1,750 21.9% 0.38 20 2.50 8 4

Firm 9 180 3,600 10 50 9 2,250 1,000 9,000 2,100 23.3% 0.36 20 2.50 9 4

Firm 10 200 4,000 10 50 10 2,500 1,000 10,000 2,450 24.5% 0.35 20 2.50 10 4

In the final scenario, each of the firms develop an automated solution that has a fixed cost of 500 to produce but can be rolled out to an unlimited number of machines. It requires 10 labourers to oversee production, regardless of 

the level of production. Marginal costs are reduced to additional material costs, and remain the same for each firm. However, the scalability of the intangible investment means that fixed cost per unit declines by a greater amount 

for Firm 10 given its greater output. This shows that it is not only the level of fixed costs and marginal costs that are important, but also the type of fixed costs (i.e. tangible vs. intangible) and whether there is an element of zero 

marginal costs. The impact of these zero marginal costs can be seen in declining fixed cost per unit and increasing average revenue productivity of intangible capital (ARP Int) as scale increases. Firm 4 is operating as efficiently as its

 scale will allow and has the same marginal costs and markup as the other firms. However, it is not as profitable as the larger firms as it cannot spread the fixed cost of the intangible investment to the same extent, in contrast to the 

previous scenario. 
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Appendix 2 Industry Classification and Digital Intensity Taxonomy 

 

Source: Calvino et al. (2018)  

 

  

ISIC rev.

4 code Description

Digital Quartile 

2001 - 2003

Digital Quartile 

2013 - 2015

D10T12  Food products, beverages and tobacco [CA] Low Low

D13T15  Textiles, wearing apparel, leather and related products [CB] Medium-Low Medium-Low

D16T18  Wood and paper products, and printing [CC] Medium-High Medium-High

D20  Chemicals and chemical products [CE] Medium-Low Medium-Low

D21  Basic pharmaceutical products and pharmaceutical preparations [CF] Medium-Low Medium-Low

D22T23  Rubber and plastics, and other non-metallic mineral products [CG] Medium-Low Medium-Low

D24T25  Basic and fabricated metals, except machinery and equipment [CH] Medium-Low Medium-Low

D26  Computer, electronic and optical products [CI] High Medium-High

D27  Electrical equipment [CJ] Medium-High Medium-High

D28  Machinery and equipment n.e.c. [CK] High Medium-High

D29T30  Transport equipment [CL] High High

D31T33  Furniture, other manufacturing, repair of machinery and equipment [CM] Medium-High Medium-High

D45T47  Wholesale and retail trade, repair of motor vehicles and motorcycles [G] Medium-High Medium-High

D49T53  Transportation and storage [H] Low Low

D55T56  Accommodation and food service activities [I] Low Low

D58T60  Publishing, audiovisual and broadcasting activities [JA] Medium-High Medium-High

D61  Telecommunications [JB] High High

D62T63  IT and other information services [JC] High High

D69T71
 Legal and accounting, activities of head offices, management consultancy, 

architecture and engineering, technical testing and analysis High High

D72  Scientific research and development [MB] Medium-High High

D73T75
 Advertising and market research, other professional, scientific and technical 

activities, veterinary activities [MC] High High

D77T82  Administrative and support service activities [N] High High

Industry Classification and Digital Intensity Taxonomy
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Appendix 3 Digital Taxonomy by Indicator 

 

Source: Calvino et al. (2018)  

 

  

Agriculture -1.2 -1.1 -1.0 -0.7 -0.8 -0.4

Mining -1.1 -1.1 0.1 -0.4 -0.7 -0.3

Food products -0.5 -0.7 -0.8 -0.5 -0.1 2.6 -0.3

Tex tiles and apparel 0.0 -0.3 -0.1 -0.3 -0.5 -0.4 -0.3

Wood and paper -0.1 -0.5 -0.3 0.0 -0.4 -0.5 -0.2

Coke and petroleum -0.5 -0.6 -1.0 -0.6 -0.5 0.6 0.0

Chemicals -0.6 -0.6 -0.5 -0.3 -0.5 0.6 0.0

Pharmaceuticals -0.7 -0.7 -0.5 -0.3 -0.5 0.6 0.0

Rubber, plastics and minerals -0.4 -0.5 -0.3 -0.4 0.8 0.6 -0.3

Basic metals -0.4 -0.6 -0.3 -0.4 0.3 -0.2 -0.3

Computers and electronics 0.0 -0.8 0.2 0.8 0.0 0.9

Electrical equipment -0.2 -0.6 -0.2 0.8 0.6 -0.1

Machinery  -0.1 -0.2 -0.3 -0.1 0.6 -0.2

Transport equipment -0.4 -0.6 -0.1 3.3 1.8 0.0

Other manufactures 0.1 -0.5 2.8 -0.2 0.5 -0.4 -0.1

Electricity , gas and steam -0.8 -0.6 -0.8 -0.3 -0.8 -0.2 -0.1

Water, sew erage and w aste -0.8 -0.6 -0.8 -0.3 -0.8 -0.2 -0.1

Construction -0.6 -0.1 0.2 -0.6 -0.8 -1.6 -0.4

Wholesale and retail 0.6 0.4 0.0 -0.1 0.2 -0.3

Transport serv ices -0.7 -0.6 -0.8 -0.4 1.3 -0.3

Hotels and food serv ices -0.6 0.0 -0.8 -0.5 -0.2 -0.4

Publishing and broadcasting 1.5 1.3 -0.3 0.0 -0.3 -0.2

Telecommunications 0.9 3.4 3.5 0.9 1.0 0.0

IT serv ices 2.5 2.2 1.1 5.4 -0.9 5.7

Finance and insurance 2.9 1.5 -0.6 0.9 0.3

Real estate -0.9 -0.8 -1.2 -0.7 -1.4 -0.3

Law  and accountancy  serv ices 1.8 1.2 0.5 0.4 -1.3 -0.2

Scientific R&D 0.1 0.2 0.5 0.4 -1.3 -0.2

Other business serv ices 2.1 1.5 0.5 0.4 -1.3 -0.2

Admin and support serv ices 0.1 0.2 0.5 0.4 -0.5 -0.2

Public admin and defense -0.5 -0.7 0.1 0.3 0.0

Education -0.4 -0.4 -0.8 -0.3 -0.2

Health serv ices -0.6 0.1 0.2 -0.5 -0.3

Care and social w ork -0.6 -0.1 0.2 -0.5 -0.3

Arts and entertainment -0.6 0.0 0.1 -0.1 -0.3

Other serv ices 0.4 1.4 0.2 -0.1 -0.3

Online sales 

rev enue

ICT 

specialists

Softw are 

inv estment

ICT tangible 

inv estment

Intermediate 

ICT goods

Intermediate 

ICT serv ices
Robot use

Bottom quartile 2nd quartile 3rd quartile Top quartile Not av ailable
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Appendix 4 Results by Industry  

 

Notes: The Digitalisation Dummy is equal to one if the industry is classified as being above the digitalisation median 

as per the OECD’s taxonomy. 

Source: author’s estimates based on Orbis® data.  

NACE Code Industry 

Digital 

Dummy

Output 

Elasticity 

Cycle 1

Output 

Elasticity 

Cycle 2

Markup 

Cycle 1

Markup 

Cycle 2

10 Manufacture of food products 0 1.03 1.03 1.18 1.18

11 Manufacture of beverages 0 1.03 1.03 1.17 1.16

12 Manufacture of tobacco products 0 1.02 1.02 1.26 1.28

13 Manufacture of textiles 0 1.01 1.00 1.22 1.25

14 Manufacture of wearing apparel 0 0.95 0.99 1.79 1.98

15 Manufacture of leather and related products 0 1.00 0.97 1.30 1.52

16 Manufacureof wood except furniture 1 1.02 1.03 1.20 1.24

17 Manufacture of paper and paper products 1 1.05 1.05 1.13 1.14

18 Printing and reproduction of recorded media 1 1.06 1.06 1.25 1.33

20 Manufacture of chemicals and chemical products 0 1.05 1.05 1.16 1.16

21 Manufacture of basic pharmaceutical products and preparations 0 1.04 1.03 1.26 1.32

22 Manufacture of rubber and plastic products 0 1.05 1.05 1.17 1.20

23 Manufacture of other non metallic mineral products 0 1.04 1.04 1.21 1.23

24 Manufacture of basic metals 0 1.04 1.03 1.19 1.20

25 Manufacture of fabricated metal products 0 1.04 1.04 1.24 1.26

26 Manufacture of computer, electronic and optical products 1 1.07 1.05 1.23 1.24

27 Manufacture of electrical equipment 1 1.05 1.04 1.18 1.21

28 Manufacture of machinery and equipment n.e.c. 1 1.05 1.05 1.22 1.26

29 Manufacture of motor vehicles, trailers and semi trailers 1 1.05 1.03 1.10 1.12

30 Manufacture of other transport equipment 1 1.03 1.04 1.26 1.32

31 Manufacture of furniture 1 1.04 1.03 1.25 1.30

32 Other manufacturing 1 1.04 1.05 1.24 1.27

33 Repair and installation of machinery and equipment 1 1.02 1.02 1.27 1.35

45 Wholesale and retail trade and repair of motor vehicles 1 1.02 1.02 1.07 1.09

46 Wholesale trade, except of motor vehicles and motorcycles 1 1.04 1.04 1.12 1.12

47 Retail trade, except of motor vehicles and motorcycles 1 1.03 1.03 1.10 1.10

49 Land transport and transport via pipelines 0 1.02 1.03 1.34 1.32

50 Water transport 0 1.00 1.02 1.48 1.54

51 Air transport 0 1.03 1.03 1.28 1.34

52 Warehousing and support activities for transportation 0 1.01 1.02 1.73 1.81

53 Postal and courier activities 0 1.03 1.04 1.59 1.51

55 Accommodation 0 1.01 1.02 1.56 1.57

56 Food and beverage service activities 0 1.03 1.03 1.42 1.45

58 Publishing activities 1 1.06 1.05 1.37 1.35

59 Motion picture, programme production, sound recording & publishing 1 1.01 1.02 1.39 1.44

60 Programming and broadcasting activities 1 1.00 1.03 1.50 1.60

61 Telecommunications 1 1.04 1.04 1.37 1.42

62 Computer programming, consultancy and related activities 1 1.04 1.04 1.70 1.76

63 Information service activities 1 1.04 1.03 1.64 1.82

69 Legal and accounting activities 1 1.04 1.07 1.93 1.96

70 Activities of head offices; management consultancy activities 1 0.98 0.98 1.45 1.50

71 Architectural and engineering activities; technical testing and analysis 1 1.02 1.04 1.61 1.63

72 Scientific research and development 1 1.04 1.05 1.61 1.74

73 Advertising and market research 1 1.02 1.05 1.50 1.55

74 Other professional, scientific and technical activities 1 1.01 1.02 1.62 1.66

75 Veterinary activities 1 1.05 1.06 1.53 1.62

77 Rental and leasing activities 1 1.04 1.05 1.45 1.46

78 Employment activities 1 0.97 1.02 4.57 4.56

79 Travel agency, tour operator and and related activities 1 1.02 1.03 1.54 1.45

80 Security and investigation activities 1 1.04 1.09 2.54 2.74

81 Services to buildings and landscape activities 1 0.99 1.02 2.51 2.44

82 Office administrative, support and other business support 1 1.00 1.03 1.74 1.90

1.02 1.03 1.35 1.38

1.03 1.04 1.55 1.60

Unweighted Mean Less Digitalised Industries

Unweighted Mean More Digitalised Industries
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Appendix 5 Markup and MFP Regressions 

Appendix 5.1 Regression of Log Markup on size groups and digital dummies 

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

Dependent Variable 

Log 

Markup 

Log 

Markup 

Log 

Markup 

Log 

Markup 

Log 

Markup 

Log 

Markup 

       
Log capital intensity (t-1) 0.003*** -0.002*** 0.020*** 0.016*** 0.015*** 0.014*** 

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

Log age (t-1) -0.052*** -0.047*** -0.012*** -0.007*** -0.007*** -0.005*** 

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

Log MFP (t-1)  -0.105***  -0.101***  -0.010*** 

  (0.001)  (0.001)  (0.001) 

Size Group 2 Dummy (50 - 499 employees) 0.052*** 0.106*** 0.015*** 0.060*** 0.037*** 0.040*** 

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

Size Group 3 Dummy (500 - 4,999 

employees) 0.143*** 0.270*** 0.041*** 0.148*** 0.088*** 0.099*** 

 (0.004) (0.005) (0.002) (0.003) (0.002) (0.003) 

Size Group 4 Dummy (5,000+ employees) 0.118*** 0.269*** 0.051*** 0.200*** 0.135*** 0.145*** 

 (0.010) (0.013) (0.008) (0.011) (0.009) (0.009) 

       
Observations 1,694,732 1,186,510 1,694,694 1,186,471 1,641,317 1,140,887 

R-squared 0.078 0.136 0.535 0.583 0.937 0.946 

Country-Year FE YES YES YES YES YES YES 

Industry-Year FE NO NO YES YES NO NO 

Firm FE NO NO NO NO YES YES 

Cluster id id id id id id 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, 

*p<0.10. 

Source: author’s estimates based on Orbis® data.  

Appendix 5.2 Regression of log MFP on size groups and digital dummies 

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

Dependent Variable Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP 

              

Log capital intensity (t-1) -0.043*** -0.038*** -0.034*** -0.010*** -0.017*** -0.012*** 

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

Log age (t-1) 0.107*** 0.076*** 0.043*** 0.031*** 0.108*** 0.110*** 

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

Log Markup (t-1)  -0.595***  -0.565***  -0.121*** 

  (0.006)  (0.005)  (0.006) 

Size Group 2 Dummy (50 - 499 employees) 0.334*** 0.382*** 0.353*** 0.385*** 0.024*** 0.025*** 

 (0.003) (0.003) (0.002) (0.002) (0.002) (0.002) 
Size Group 3 Dummy (500 - 4,999 

employees) 0.743*** 0.875*** 0.829*** 0.913*** 0.088*** 0.093*** 

 (0.008) (0.009) (0.006) (0.006) (0.007) (0.007) 

Size Group 4 Dummy (5,000+ employees) 1.235*** 1.339*** 1.253*** 1.361*** 0.222*** 0.228*** 

 (0.027) (0.030) (0.022) (0.023) (0.032) (0.037) 

       
Observations 1,461,464 1,212,004 1,461,443 1,211,978 1,414,245 1,165,445 

R-squared 0.291 0.344 0.665 0.700 0.916 0.922 

Country-Year FE YES YES YES YES YES YES 

Industry-Year FE NO NO YES YES NO NO 

Firm FE NO NO NO NO YES YES 

Cluster id id id id id id 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, 

*p<0.10. 

Source: author’s estimates based on Orbis® data.  
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Appendix 5.3 Regression of Log Markup on size groups split by cycle 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Dependent Variable 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 
Log 

Markup 

Cycle 1 2 1 2 1 2 1 2 1 2 1 2 

             
Log capital intensity (t-1) 0.008*** 0.001* 0.003*** -0.005*** 0.022*** 0.019*** 0.018*** 0.015*** 0.012*** 0.010*** 0.010*** 0.009*** 

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

Log age (t-1) -0.045*** -0.057*** -0.040*** -0.050*** -0.009*** -0.014*** -0.005*** -0.008*** -0.005*** -0.005*** -0.004*** -0.003*** 

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

Log MFP (t-1)   -0.124*** -0.096***   -0.102*** -0.101***   -0.025*** -0.013*** 

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

Size Group 2 Dummy (50 - 499 employees) 0.046*** 0.056*** 0.112*** 0.103*** 0.012*** 0.017*** 0.059*** 0.061*** 0.046*** 0.034*** 0.050*** 0.036*** 

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

Size Group 3 Dummy (500 - 4,999 
employees) 0.130*** 0.151*** 0.262*** 0.272*** 0.037*** 0.044*** 0.137*** 0.154*** 0.102*** 0.078*** 0.115*** 0.087*** 

 (0.004) (0.004) (0.006) (0.005) (0.003) (0.003) (0.005) (0.004) (0.004) (0.003) (0.006) (0.004) 

Size Group 4 Dummy (5,000+ employees) 0.100*** 0.129*** 0.238*** 0.291*** 0.040*** 0.058*** 0.181*** 0.212*** 0.147*** 0.115*** 0.158*** 0.120*** 

 (0.013) (0.012) (0.018) (0.016) (0.010) (0.010) (0.013) (0.014) (0.012) (0.013) (0.014) (0.011) 

             
Observations 703,689 991,043 397,101 789,409 703,666 991,028 397,083 789,388 653,839 940,601 363,288 743,364 

R-squared 0.060 0.084 0.149 0.130 0.528 0.537 0.592 0.577 0.951 0.957 0.963 0.961 

Country-Year FE YES YES YES YES YES YES YES YES YES YES YES YES 

Industry-Year FE NO NO NO NO YES YES YES YES NO NO NO NO 

Firm FE NO NO NO NO NO NO NO NO YES YES YES YES 

Cluster id id id id id id id id id id id id 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 500 – 4,999 and Group 4 is 5,000+. Cycle 1 runs from 2001 – 2007, 

and Cycle 2 runs from 2008 – 2014. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, *p<0.10. 

Source: author’s estimates based on Orbis® data.  
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Regression of Log Markup on size groups with cycle dummy to assess significance of the change over time 

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

Dependent Variable Log Markup Log Markup Log Markup Log Markup Log Markup Log Markup 

              

Log capital intensity (t-1) 0.003*** -0.002*** 0.020*** 0.016*** 0.015*** 0.014*** 

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

Log age (t-1) -0.052*** -0.047*** -0.012*** -0.007*** -0.007*** -0.005*** 

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

Log MFP (t-1)  -0.105***  -0.101***  -0.010*** 

  (0.001)  (0.001)  (0.001) 

Size Group 2 Dummy (50 - 499 employees) 0.048*** 0.106*** 0.013*** 0.059*** 0.036*** 0.037*** 

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

Size Group 2 x Cycle 2 Dummy 0.007*** -0.000 0.003*** 0.002 0.002*** 0.005*** 

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

Size Group 3 Dummy (500 - 4,999 employees) 0.133*** 0.252*** 0.038*** 0.138*** 0.091*** 0.094*** 

 (0.004) (0.006) (0.003) (0.004) (0.003) (0.004) 

Size Group 3 x Cycle 2 Dummy 0.017*** 0.026*** 0.004 0.016*** -0.005*** 0.007*** 

 (0.004) (0.006) (0.003) (0.004) (0.002) (0.002) 

Size Group 4 Dummy (5,000+ employees) 0.106*** 0.224*** 0.043*** 0.183*** 0.133*** 0.126*** 

 (0.013) (0.017) (0.010) (0.013) (0.009) (0.011) 

Size Group 4 x Cycle 2 Dummy 0.020 0.077*** 0.014 0.028* 0.003 0.027*** 

 (0.014) (0.020) (0.011) (0.016) (0.006) (0.007) 

       

Observations 1,694,732 1,186,510 1,694,694 1,186,471 1,641,317 1,140,887 

R-squared 0.078 0.136 0.535 0.583 0.937 0.946 

Country-Year FE YES YES YES YES YES YES 

Industry-Year FE NO NO YES YES NO NO 

Firm FE NO NO NO NO YES YES 

Cluster id id id id id id 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 500 – 4,999 and Group 4 is 5,000+. Cycle 1 runs from 2001 – 2007, 

and Cycle 2 runs from 2008 – 2014. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, *p<0.10. 

Source: author’s estimates based on Orbis® data.   
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Appendix 5.4 Regression of log MFP on size groups split by cycle 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Dependent Variable Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP 

Cycle 1 2 1 2 1 2 1 2 1 2 1 2 

                          

Log capital intensity (t-1) -0.031*** -0.048*** -0.026*** -0.042*** -0.020*** -0.041*** 0.006*** -0.016*** 0.001 -0.013*** 0.009*** -0.007*** 

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

Log age (t-1) 0.123*** 0.097*** 0.093*** 0.068*** 0.038*** 0.047*** 0.030*** 0.031*** 0.055*** 0.054*** 0.057*** 0.050*** 

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

Log Markup (t-1)   -0.713*** -0.540***   -0.526*** -0.584***   -0.165*** -0.145*** 

   (0.008) (0.006)   (0.007) (0.006)   (0.008) (0.005) 

Size Group 2 Dummy (50 - 499 employees) 0.304*** 0.350*** 0.359*** 0.394*** 0.342*** 0.359*** 0.369*** 0.392*** -0.035*** 0.019*** -0.047*** 0.024*** 

 (0.004) (0.003) (0.004) (0.003) (0.003) (0.002) (0.003) (0.002) (0.002) (0.002) (0.003) (0.002) 
Size Group 3 Dummy (500 - 4,999 

employees) 0.566*** 0.839*** 0.713*** 0.950*** 0.782*** 0.853*** 0.846*** 0.944*** -0.050*** 0.036*** -0.081*** 0.054*** 

 (0.011) (0.009) (0.012) (0.010) (0.007) (0.006) (0.008) (0.006) (0.008) (0.007) (0.009) (0.007) 

Size Group 4 Dummy (5,000+ employees) 0.961*** 1.437*** 1.047*** 1.534*** 1.275*** 1.230*** 1.361*** 1.353*** -0.086*** 0.069*** -0.113*** 0.094*** 

 (0.036) (0.033) (0.042) (0.037) (0.029) (0.025) (0.033) (0.027) (0.031) (0.022) (0.031) (0.024) 

             
Observations 530,873 930,591 397,155 814,849 530,860 930,583 397,143 814,835 493,984 885,779 363,170 769,479 

R-squared 0.164 0.311 0.250 0.348 0.646 0.656 0.677 0.693 0.961 0.961 0.966 0.963 

Country-Year FE YES YES YES YES YES YES YES YES YES YES YES YES 

Industry-Year FE NO NO NO NO YES YES YES YES NO NO NO NO 

Firm FE NO NO NO NO NO NO NO NO YES YES YES YES 

Cluster id id id id id id id id id id id id 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 500 – 4,999 and Group 4 is 5,000+. Cycle 1 runs from 2001 – 2007, 

and Cycle 2 runs from 2008 – 2014. All controls at t-1. Errors clustered at the firm level. ***p<0.01 **p<0.05, *p<0.10.   

Source: author’s estimates based on Orbis® data. 
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Regression of log MFP on size groups with cycle dummy to assess significance of the change over time 

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

VARIABLES Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP 

              

Log capital intensity (t-1) -0.042*** -0.038*** -0.034*** -0.010*** -0.017*** -0.011*** 

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

Log age (t-1) 0.107*** 0.076*** 0.043*** 0.031*** 0.108*** 0.109*** 

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

Log Markup (t-1)  -0.595***  -0.565***  -0.126*** 

  (0.006)  (0.005)  (0.006) 

Size Group 2 Dummy (50 - 499 employees) 0.307*** 0.354*** 0.344*** 0.371*** -0.014*** -0.015*** 

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

Size Group 2 x Cycle 2 Dummy 0.041*** 0.042*** 0.015*** 0.020*** 0.066*** 0.064*** 

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

Size Group 3 Dummy (500 - 4,999 employees) 0.573*** 0.697*** 0.787*** 0.853*** -0.143*** -0.146*** 

 (0.011) (0.012) (0.007) (0.008) (0.009) (0.010) 

Size Group 3 x Cycle 2 Dummy 0.264*** 0.262*** 0.065*** 0.088*** 0.350*** 0.343*** 

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

Size Group 4 Dummy (5,000+ employees) 0.976*** 1.050*** 1.281*** 1.369*** -0.328*** -0.355*** 

 (0.036) (0.042) (0.029) (0.033) (0.029) (0.034) 

Size Group 4 x Cycle 2 Dummy 0.455*** 0.488*** -0.053* -0.020 0.771*** 0.792*** 

 (0.042) (0.050) (0.032) (0.037) (0.024) (0.029) 

       

Observations 1,461,464 1,212,004 1,461,443 1,211,978 1,414,245 1,165,445 

R-squared 0.292 0.345 0.666 0.700 0.917 0.923 

Country-Year FE YES YES YES YES YES YES 

Industry-Year FE NO NO YES YES NO NO 

Firm FE NO NO NO NO id id 

Cluster id id id id id id 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered 

at the firm level.  

Source: author’s estimates based on Orbis® data. 
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Appendix 5.5 Regression of Log Markup on size group and digitalisation dummies 

  
Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. The Digital Dummy is equal to 1 if greater than the digitalisation median. All 

controls at t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data. 

Regression of log mark-up on size groups and digital quartile 3/4 dummies   

 
Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. There are two digital dummies, the first equal to one if the firm is in an industry 

in the third quartile of digitisation, and the second equal to one for industries in the fourth quartile. All controls at t-

1. Errors clustered at the firm level. ***p<0.01 **p<0.05, *p<0.10.  

Source: authors’ estimates based on Orbis® data.    

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

Dependent Variable Log Markup Log Markup Log Markup Log Markup Log Markup Log Markup Log Markup Log Markup

Cycle 1 2 1 2 1 2 1 2

Log capital intensity (t-1) 0.010*** 0.003*** -0.000 -0.001 0.012*** 0.010*** 0.010*** 0.009***

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

Log age (t-1) -0.045*** -0.056*** -0.040*** -0.049*** -0.006*** -0.005*** -0.005*** -0.003***

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

Log MFP (t-1) -0.125*** -0.096*** -0.025*** -0.013***

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

Size Group 2 Dummy (50 - 499 employees) 0.007*** 0.020*** 0.077*** 0.070*** 0.036*** 0.020*** 0.038*** 0.021***

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

Digital Dummy (Size Group 1) -0.020*** -0.010*** -0.050*** 0.006*** 0.114*** 0.051 0.186*** 0.064

(0.002) (0.001) (0.002) (0.002) (0.025) (0.112) (0.034) (0.124)

Size Group 2 x Digital Dummy 0.062*** 0.057*** 0.053*** 0.057*** 0.015*** 0.022*** 0.018*** 0.025***

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

Size Group 3 Dummy (500 - 4,999 employees) 0.070*** 0.103*** 0.233*** 0.237*** 0.065*** 0.045*** 0.073*** 0.050***

(0.005) (0.005) (0.007) (0.006) (0.003) (0.003) (0.005) (0.004)

Size Group 3 x Digital Dummy 0.086*** 0.068*** 0.046*** 0.048*** 0.054*** 0.049*** 0.058*** 0.057***

(0.007) (0.007) (0.010) (0.008) (0.006) (0.005) (0.009) (0.006)

Size Group 4 Dummy (5,000+ employees) 0.151*** 0.171*** 0.450*** 0.376*** 0.075*** 0.058*** 0.065*** 0.072***

(0.016) (0.019) (0.034) (0.040) (0.013) (0.015) (0.020) (0.024)

Size Group 4 x Digital Dummy -0.059*** -0.051** -0.217*** -0.099** 0.094*** 0.076*** 0.111*** 0.068**

(0.021) (0.023) (0.038) (0.043) (0.020) (0.022) (0.025) (0.027)

Observations 703,689 991,043 397,101 789,409 653,839 940,601 363,288 743,364

R-squared 0.064 0.087 0.153 0.135 0.951 0.957 0.963 0.961

Country-Year FE YES YES YES YES YES YES YES YES

Firm FE NO NO NO NO YES YES YES YES

Cluster id id id id id id id id

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

Dependent Variable Log Markup Log Markup Log Markup Log Markup Log Markup Log Markup Log Markup Log Markup

Cycle 1 2 1 2 1 2 1 2

Log capital intensity (t-1) 0.011*** 0.008*** 0.004*** 0.005*** 0.012*** 0.010*** 0.010*** 0.009***

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

Log age (t-1) -0.021*** -0.028*** -0.014*** -0.023*** -0.006*** -0.005*** -0.006*** -0.004***

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

Log MFP (t-1) -0.068*** -0.051*** -0.024*** -0.013***

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

Size Group 2 Dummy (50 - 499 employees)0.009*** 0.014*** 0.047*** 0.043*** 0.038*** 0.020*** 0.038*** 0.021***

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

Digital Quartile 3 Dummy -0.093*** -0.097*** -0.131*** -0.106*** 0.162*** 0.038 0.260*** 0.059

(0.001) (0.001) (0.002) (0.001) (0.025) (0.076) (0.034) (0.097)

Size Group 2 x Digital Quartile 3 0.019*** 0.025*** 0.008*** 0.012*** -0.008*** 0.000 -0.011*** -0.001

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

Size Group 3 Dummy (500 + employees) 0.072*** 0.092*** 0.165*** 0.176*** 0.067*** 0.045*** 0.075*** 0.050***

(0.004) (0.005) (0.007) (0.006) (0.003) (0.003) (0.006) (0.004)

Size Group 3 x Digital Quartile 3 0.006 -0.009 -0.018** -0.050*** -0.010** -0.007* -0.021*** -0.013***

(0.005) (0.005) (0.008) (0.007) (0.004) (0.004) (0.007) (0.005)

Size Group 4 Dummy (5,000+ employees) 0.145*** 0.135*** 0.298*** 0.258*** 0.079*** 0.058*** 0.068*** 0.072***

(0.015) (0.019) (0.033) (0.039) (0.013) (0.015) (0.020) (0.024)

Size Group 4 x Digital Quartile 3 -0.082*** -0.071*** -0.092** -0.100** 0.003 -0.015 0.003 -0.034

(0.019) (0.021) (0.045) (0.045) (0.017) (0.018) (0.022) (0.026)

Digital Quartile 4 Dummy 0.243*** 0.262*** 0.231*** 0.271*** 0.077 0.071

(0.003) (0.003) (0.004) (0.003) (0.073) (0.088)

Size Group 2 x Digital Quartile 4 0.035*** 0.024*** 0.043*** 0.032*** 0.059*** 0.062*** 0.070*** 0.065***

(0.004) (0.004) (0.005) (0.004) (0.003) (0.003) (0.004) (0.003)

Size Group 3 x Digital Quartile 4 -0.054*** -0.077*** -0.093*** -0.090*** 0.132*** 0.118*** 0.134*** 0.118***

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

Size Group 4 x Digital Quartile 4 -0.283*** -0.253*** -0.381*** -0.294*** 0.174*** 0.156*** 0.188*** 0.135***

(0.023) (0.025) (0.038) (0.043) (0.022) (0.026) (0.027) (0.029)

Observations 703,689 991,043 397,101 789,409 653,839 940,601 363,288 743,364

R-squared 0.254 0.279 0.338 0.325 0.951 0.958 0.963 0.961

Country-Year FE YES YES YES YES YES YES YES YES

Firm FE NO NO NO NO YES YES YES YES

Cluster id id id id id id id id
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Appendix 5.6 Regression of log MFP on size group and digitalisation dummies 

 
Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. The Digital Dummy is equal to 1 if greater than the digitalisation median. All 

controls at t-1. Errors clustered at the firm level. Source: author’s estimates based on Orbis® data. 

Regression of log MFP on size groups and digital quartile 3/4 dummies 

 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. There are two digital dummies, the first equal to one if the firm is in an industry 

in the third quartile of digitisation, and the second equal to one for industries in the fourth quartile. All controls at t-

1. Errors clustered at the firm level. ***p<0.01 **p<0.05, *p<0.10. Source: authors’ estimates based on Orbis® data.     

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

Dependent Variable Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP

Cycle 1 2 1 2 1 2 1 2

Log capital intensity (t-1) -0.048*** -0.038*** -0.045*** -0.026*** 0.001 -0.013*** 0.009*** -0.007***

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

Log age (t-1) 0.119*** 0.097*** 0.089*** 0.067*** 0.055*** 0.054*** 0.057*** 0.050***

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

Log Markup (t-1) -0.706*** -0.544*** -0.165*** -0.145***

(0.008) (0.006) (0.008) (0.005)

Size Group 2 Dummy (50 - 499 employees) 0.407*** 0.418*** 0.451*** 0.457*** -0.033*** 0.025*** -0.045*** 0.030***

(0.007) (0.005) (0.007) (0.005) (0.004) (0.003) (0.004) (0.003)

Digital Dummy (Size Group 1) -0.093*** 0.165*** -0.082*** 0.204*** -1.444*** -1.482***

(0.005) (0.004) (0.006) (0.004) (0.102) (0.100)

Size Group 2 x Digital Dummy -0.160*** -0.118*** -0.144*** -0.107*** -0.003 -0.010*** -0.002 -0.011***

(0.008) (0.006) (0.008) (0.006) (0.005) (0.004) (0.005) (0.004)

Size Group 3 Dummy (500 - 4,999 employees) 0.873*** 1.063*** 1.063*** 1.201*** -0.030* 0.066*** -0.063*** 0.072***

(0.027) (0.022) (0.026) (0.021) (0.016) (0.010) (0.016) (0.011)

Size Group 3 x Digital Dummy -0.382*** -0.329*** -0.440*** -0.370*** -0.026 -0.044*** -0.025 -0.027**

(0.029) (0.024) (0.028) (0.024) (0.018) (0.013) (0.019) (0.013)

Size Group 4 Dummy (5,000+ employees) 2.298*** 1.684*** 2.394*** 1.964*** 0.051 0.060 -0.042 0.039

(0.144) (0.158) (0.152) (0.173) (0.092) (0.056) (0.132) (0.069)

Size Group 4 x Digital Dummy -1.424*** -0.331** -1.446*** -0.553*** -0.151 0.001 -0.080 0.057

(0.147) (0.161) (0.156) (0.176) (0.098) (0.061) (0.136) (0.074)

Observations 530,873 930,591 397,155 814,849 493,984 885,779 363,170 769,479

R-squared 0.179 0.316 0.263 0.355 0.961 0.961 0.966 0.963

Country-Year FE YES YES YES YES YES YES YES YES

Firm FE NO NO NO NO YES YES YES YES

Cluster id id id id id id id id

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

Dependent Variable Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP Log MFP

Cycle 1 2 1 2 1 2 1 2

Log capital intensity (t-1) -0.051*** -0.043*** -0.046*** -0.031*** 0.001 -0.013*** 0.009*** -0.007***

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

Log age (t-1) 0.074*** 0.065*** 0.070*** 0.054*** 0.055*** 0.054*** 0.058*** 0.050***

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

Log Markup (t-1) -0.479*** -0.358*** -0.165*** -0.145***

(0.009) (0.007) (0.008) (0.005)

Size Group 2 Dummy (50 - 499 employees)0.407*** 0.424*** 0.446*** 0.458*** -0.033*** 0.025*** -0.046*** 0.030***

(0.007) (0.005) (0.007) (0.005) (0.004) (0.003) (0.004) (0.003)

Digital Quartile 3 Dummy 0.038*** 0.284*** 0.016*** 0.291*** -0.984*** -1.044***

(0.006) (0.005) (0.006) (0.005) (0.256) (0.243)

Size Group 2 x Digital Quartile 3 -0.078*** -0.066*** -0.107*** -0.079*** 0.007 0.004 0.009 0.001

(0.009) (0.007) (0.009) (0.007) (0.005) (0.004) (0.006) (0.004)

Size Group 3 Dummy (500 - 4,999 employees)0.864*** 1.067*** 1.028*** 1.183*** -0.030* 0.066*** -0.061*** 0.072***

(0.027) (0.022) (0.026) (0.022) (0.015) (0.010) (0.015) (0.011)

Size Group 3 x Digital Quartile 3 -0.215*** -0.390*** -0.348*** -0.455*** 0.006 0.008 0.010 0.004

(0.032) (0.028) (0.032) (0.028) (0.019) (0.015) (0.019) (0.016)

Size Group 4 Dummy (5,000+ employees) 2.286*** 1.679*** 2.367*** 1.923*** 0.052 0.060 -0.040 0.040

(0.140) (0.158) (0.148) (0.173) (0.092) (0.056) (0.132) (0.070)

Size Group 4 x Digital Quartile 3 -1.608*** -1.047*** -1.606*** -1.281*** -0.356* 0.054 -0.130 0.151*

(0.195) (0.187) (0.227) (0.205) (0.203) (0.089) (0.185) (0.079)

Digital Quartile 4 Dummy -0.479*** -0.133*** -0.336*** -0.023*** -1.765*** -1.698***

(0.007) (0.005) (0.008) (0.006) (0.218) (0.158)

Size Group 2 x Digital Quartile 4 -0.105*** -0.074*** -0.116*** -0.090*** -0.023*** -0.031*** -0.022*** -0.030***

(0.010) (0.007) (0.010) (0.007) (0.006) (0.005) (0.007) (0.005)

Size Group 3 x Digital Quartile 4 -0.114*** -0.076*** -0.266*** -0.184*** -0.058*** -0.083*** -0.061*** -0.056***

(0.029) (0.025) (0.029) (0.025) (0.020) (0.015) (0.021) (0.015)

Size Group 4 x Digital Quartile 4 -1.036*** 0.019 -1.177*** -0.249 -0.173* -0.038 -0.111 0.017

(0.143) (0.161) (0.152) (0.176) (0.098) (0.062) (0.136) (0.076)

Observations 530,873 930,591 397,155 814,849 493,984 885,779 363,170 769,479

R-squared 0.239 0.345 0.282 0.368 0.961 0.961 0.966 0.963

Country-Year FE YES YES YES YES YES YES YES YES

Firm FE NO NO NO NO YES YES YES YES

Cluster id id id id id id id id
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Appendix 6 Regressions with Single Period Production Functions  

Appendix 6.1 Markup regressions 

Regression of Log Markup on size dummies 

  1 2 3 4 5 6 

Size Group 2 0.05 0.11 0.02 0.1 0.04 0.04 

Size Group 3 0.14 0.25 0.04 0.25 0.09 0.11 

Size Group 4 0.12 0.25 0.06 0.35 0.14 0.16 

Controls 
K intensity,  
Firm Age 

K intensity,  
Firm Age, MFP 

K intensity,  
Firm Age 

K intensity,  
Firm Age, MFP 

K intensity,  
Firm Age 

K intensity,  
Firm Age, MFP 

Fixed Effects Country-year Country-year 
Country-year,  
industry-year 

Country-year,  
industry-year 

Country-year, 
firm 

Country-year, 
firm 

Observations 1,713,880 1,442,529 1,713,838 1,442,504 1,660,639 1,396,957 

R-squared 0.08 0.41 0.54 0.69 0.94 0.94 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data.  

 

Regression of Log Markup on size groups split by cycle 

  1a 1b 2a 2b 3a 3b 

  Cycle 1 Cycle 1 Cycle 1 Cycle 1 Cycle 1 Cycle 1 

Size Group 2 0.05 0.11 0.02 0.1 0.04 0.05 

Size Group 3 0.13 0.25 0.04 0.24 0.1 0.11 

Size Group 4 0.11 0.24 0.05 0.34 0.15 0.17 

Controls 
K intensity,  
Firm Age 

K intensity,  
Age, MFP 

K intensity,  
Firm Age 

K intensity,  
Age, MFP 

K intensity,  
Firm Age 

K intensity,  
Age, MFP 

Fixed Effects Country-year Country-year 
Country-year,  
industry-year 

Country-year,  
industry-year 

Country-year, 
firm 

Country-year, 
firm 

Observations 729,478 614,861 729,452 614,847 679,382 572,319 

R-squared 0.06 0.40 0.53 0.69 0.95 0.96 

 Cycle 2 Cycle 2 Cycle 2 Cycle 2 Cycle 2 Cycle 2 

Size Group 2 0.05 0.11 0.01 0.1 0.03 0.04 

Size Group 3 0.15 0.26 0.04 0.24 0.08 0.09 

Size Group 4 0.13 0.26 0.07 0.35 0.12 0.13 

Controls 
K intensity,  
Firm Age 

K intensity,  
Age, MFP 

K intensity,  
Firm Age 

K intensity,  
Age, MFP 

K intensity,  
Firm Age 

K intensity,  
Age, MFP 

Fixed Effects Country-year Country-year 
Country-year,  
industry-year 

Country-year,  
industry-year 

Country-year, 
firm 

Country-year, 
firm 

Observations 984,402 827,668 984,386 827,657 933,734 784,038 

R-squared 0.08 0.42 0.54 0.69 0.96 0.96 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. Cycle 1 runs from 2001 – 2007, and Cycle 2 runs from 2008 – 2014. All controls 

at t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data.   
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Regression of Log Markup on size groups and digitalisation dummies 

  1a 1b 2a 2b 

  Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 2 0.01 0.01 0.09 0.10 

Size Group 3 0.07 0.09 0.28 0.28 

Size Group 4 0.16 0.17 0.51 0.50 

S1*Digital Intensive -0.02 -0.02 0.03 0.03 

S2*Digital Intensive 0.05 0.05 0.15 0.15 

S3*Digital Intensive 0.14 0.15 0.27 0.28 

S4*Digital Intensive 0.08 0.11 0.23 0.25 

Controls 
K intensity,  
Firm Age 

K intensity,  
Firm Age 

K intensity,  
Firm Age, MFP 

K intensity,  
Firm Age, MFP 

Fixed Effects Country-year Country-year Country-year Country-year 

Observations 729,478 984,402 614,861 827,668 

R-squared 0.07 0.09 0.40 0.43 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. The Digital Dummy is equal to 1 if greater than the digitalisation median. All 

controls at t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data.    

 

Regression of Log Markup on size groups and digital quartile 3/4 dummies  

  1a 1b 2a 2b 

  Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 1*Q3 -0.10 -0.11 -0.02 -0.02 

Size Group 2*Q3 -0.07 -0.07 0.06 0.07 

Size Group 3*Q3 -0.02 -0.02 0.17 0.19 

Size Group 4*Q3 -0.03 -0.03 0.24 0.24 

Size Group 1*Q4 0.22 0.28 0.26 0.12 

Size Group 2*Q4 0.26 0.29 0.26 0.14 

Size Group 3*Q4 0.14 0.25 0.30 0.20 

Size Group 4*Q4 0.15 0.25 0.30 0.23 

Controls 
K intensity,  
Firm Age 

K intensity,  
Firm Age 

K intensity,  
Firm Age, MFP 

K intensity,  
Firm Age, MFP 

Fixed Effects Country-year Country-year Country-year Country-year 

Observations 729,478 984,402 614,861 827,668 

R-squared 0.25 0.28 0.44 0.46 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. There are two digital dummies, the first equal to one if the firm is in an industry 

in the third quartile of digitalisation, and the second equal to one for industries in the fourth quartile. All controls at 

t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data.     
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Appendix 6.2 MFP regressions 

Regression of log multifactor productivity on size dummies 

  1 2 3 4 5 6 

Size Group 2 0.24 0.40 0.35 0.41 0.01 0.02 

Size Group 3 0.40 0.83 0.82 1.01 0.04 0.07 

Size Group 4 0.54 0.87 1.14 1.44 0.03 0.07 

Controls 
K intensity,  
Firm Age 

K intensity,  
Age, Mark. 

K intensity,  
Firm Age 

K intensity,  
Age, Mark. 

K intensity,  
Firm Age 

K intensity,  
Age, Mark. 

Fixed Effects Country-year Country-year 
Country-year,  
industry-year 

Country-year,  
industry-year 

Country-year, 
firm 

Country-year, 
firm 

Observations 1,654,202 1,358,947 1,654,194 1,358,932 1,608,672 1,314,314 

R-squared 0.14 0.45 0.68 0.82 0.97 0.98 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. All controls at t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data. 

 

Regression of log multifactor productivity on size groups split by cycle 

  1a 1b 2a 2b 3a 3b 

  Cycle 1 Cycle 1 Cycle 1 Cycle 1 Cycle 1 Cycle 1 

Size Group 2 0.26 0.41 0.36 0.41 -0.05 -0.06 

Size Group 3 0.47 0.87 0.85 1.02 -0.09 -0.10 

Size Group 4 0.59 0.88 1.21 1.48 -0.15 -0.18 

Controls 
K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

Fixed Effects Country-year Country-year 
Country-year,  

industry-year 

Country-year,  

industry-year 

Country-year, 

firm 

Country-year, 

firm 

Observations 673,985 532,074 673,980 532,072 629,455 490,184 

R-squared 0.12 0.43 0.69 0.82 0.98 0.98 

 Cycle 2 Cycle 2 Cycle 2 Cycle 2 Cycle 2 Cycle 2 

Size Group 2 0.23 0.40 0.34 0.41 0.00 0.01 

Size Group 3 0.35 0.80 0.79 1.00 -0.01 0.02 

Size Group 4 0.50 0.86 1.08 1.41 -0.01 0.03 

Controls 
K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

K intensity,  

Firm Age 

K intensity,  

Age, Mark. 

Fixed Effects Country-year Country-year 
Country-year,  

industry-year 

Country-year,  

industry-year 

Country-year, 

firm 

Country-year, 

firm 

Observations 915,062 826,873 915,061 826,860 870,872 782,929 

R-squared 0.15 0.46 0.68 0.82 0.98 0.98 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. Cycle 1 runs from 2001 – 2007, and Cycle 2 runs from 2008 – 2014. All controls 

at t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data. 
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Regression of log multifactor productivity on size group and digitalisation dummies 

  1a 1b 2a 2b 

  Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 2 0.44 0.39 0.50 0.49 

Size Group 3 1.01 0.85 1.35 1.20 

Size Group 4 1.93 1.42 2.22 2.02 

S1*Digital Intensive 0.30 0.29 0.31 0.31 

S2*Digital Intensive 0.44 0.41 0.66 0.65 

S3*Digital Intensive 0.53 0.44 0.98 0.94 

S4*Digital Intensive 0.63 0.58 0.92 0.92 

Controls 
K intensity,  
Firm Age 

K intensity,  
Firm Age 

K intensity,  
Firm Age, Mark. 

K intensity,  
Firm Age, Mark. 

Fixed Effects Country-year Country-year Country-year Country-year 

Observations 673,985 915,062 532,074 826,873 

R-squared 0.13 0.16 0.44 0.47 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. The Digital Dummy is equal to 1 if greater than the digitalisation median. All 

controls at t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data.    

 

Regression of log multifactor productivity on size group and digital quartile 3/4 dummies  

  1a 1b 2a 2b 

  Cycle 1 Cycle 2 Cycle 1 Cycle 2 

Size Group 1*Q3 0.62 0.68 0.52 0.57 

Size Group 2*Q3 0.95 1.00 0.93 0.98 

Size Group 3*Q3 1.35 1.37 1.46 1.50 

Size Group 4*Q3 1.17 1.32 1.47 1.50 

Size Group 1*Q4 -0.82 -0.79 -0.46 -0.39 

Size Group 2*Q4 -0.56 -0.50 -0.08 0.01 

Size Group 3*Q4 0.03 0.00 0.43 0.50 

Size Group 4*Q4 0.52 0.51 0.75 0.80 

Controls 
K intensity,  
Firm Age 

K intensity,  
Firm Age 

K intensity,  

Firm Age, 

Mark. 

K intensity,  

Firm Age, 

Mark. 

Fixed Effects Country-year Country-year Country-year Country-year 

Observations 673,985 915,062 532,074 826,873 

R-squared 0.36 0.38 0.52 0.54 

Notes: The base category for the size dummy is firms with less than 50 employees. Group 2 is 50 – 499, Group 3 is 

500 – 4,999 and Group 4 is 5,000+. There are two digital dummies, the first equal to one if the firm is in an industry 

in the third quartile of digitalisation, and the second equal to one for industries in the fourth quartile. All controls at 

t-1. Errors clustered at the firm level.  

Source: author’s estimates based on Orbis® data.    
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Appendix 7 Intangible Asset Accumulation Parameters 

The table below is taken from Ewens et al. (2021) and summarises the key intangible capital 

accumulation parameters. Columns 2 and 3 outline the assumptions used by Peters and Taylor 

(2017). Column 1 shows the fraction of SG&A expenses that are assumed to constate intangible 

investment rather than current period expenses. Column 2 shows the assumptions for the 

depreciation rate of R&D by industry, as per the work of Li and Hall (2020).  

Columns 3 and 4 show the equivalent estimates as per Ewens et al. (2021).  

All parameters used in calculating firm-level intangible capital in this study are taken from 

Ewens et al. (2021).   

 

  Peters & Taylor (2017) Ewens et al. (2021) 

Industry 

SG&A 

Investment  

R&D  

Dep. Rate 

SG&A 

Investment  

R&D  

Dep. Rate 

All 0.30 0.28 0.27 0.33 

Consumer 0.30 0.31 0.19 0.33 

Manufacturing 0.30 0.25 0.22 0.42 

High Tech 0.30 0.31 0.44 0.46 

Health 0.30 0.18 0.49 0.34 

Other 0.30 N/A 0.34 0.30 
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Appendix 8 Generating the Variables Used in the Production Function 

Regressions  

Gross sales is the SALE variable in Compustat, deflated by the appropriate gross output 

deflator.  

ACOGS and ASGA are the COGS and XSGA variables in Compustat, which have been 

adjusted to remove any R&D spending (which is contained in the intangibles measure). The 

procedure is as per Appendix A of Peters and Taylor (2017). Both variables are deflated by the 

Opex deflator, as outlined above.  

The cost of physical capital is net property, plant and equipment (the PPENT variable in 

Compustat), deflated by the fixed capital deflator, and multiplied by a cost of capital. The cost 

of capital is equal to the federal funds rate minus the inflation rate, plus the depreciation rate 

of physical capital which is assumed to be 10%. The weighted average cost of physical capital 

is 9.8% for the 1997 – 2019 data, and 10.6% for the 1970 – 2019 data.     

The cost of intangible capital is equal the sum of knowledge capital times the cost of 

knowledge capital, plus organisational capital times the cost of organisational capital, plus 

balance sheet intangibles times the average of knowledge and organisational capital cost.  

The cost rate of knowledge capital equals the federal funds rate minus the inflation rate, plus 

the depreciation rate of R&D. The industry specific depreciation rates of R&D are obtained 

from Ewens et al. (2021). They range from 30 to 46% and are set out in Appendix 7. They 

produce costs of capital which vary from 27% to 52%, depending on the industry and year. The 

mean cost of knowledge capital is 37.4% for the 1997 - 2019 data, and 38.3% for the 1970 – 

2019 data.  

The cost rate of organisational capital is equal to federal funds rate minus the inflation rate 

plus the depreciation rate of organisational capital. The depreciation rate of organisational 

capital is assumed to be 20%, consistent with Peters and Taylor (2017). The average cost of 

organisational capital is 20.3% for the 1997 - 2019 data, and 21.3% for the 1970 – 2019 data. 

The remaining element of intangible capital is comprised of those intangible assets carried on 

the firms’ balance sheets (primarily goodwill from acquisitions). There is no way of identifying 

what elements constitute knowledge capital and what elements constitute organisational 

capital, so they are multiplied by the average of the two costs for each industry/year pair.     
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Capital expenditure is the CAPX term in Compustat, deflated by the fixed capital deflator. 

Negative values for CAPX were removed in the data cleaning process. 
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Appendix 9 Data Cleaning and Industry Taxonomy 

Negative and zero values were removed for Sales, COGS, XSGA, PPENT and Employment. 

Negative values were also removed for Capex.  

The 1% tails and values of more than 3 standard deviations from the mean were removed for 

the following variables: ACOGS/Sales, ASGA/Sales, Physical Capital Cost/Sales, Intangible 

Capital Cost/Sales, ACOGS/Sales and ASGA/Sales. This was carried out for each 

industry/year pair.  

The same procedure was carried out for Sales/Employees. However, this was done for each 

year, rather than each industry/year pair. The reason for this is that firms with very high ratios 

of sales to employees tend to be brass plate entities which are concentrated in a small number 

of industries such as shipping and real estate. Firms with less than 10 employees were also 

removed. 

Final industry list and OECD digital intensity taxonomy  

 
Source: Calvino et al. (2018)  

 

ISIC Rev. 

4 Code
Description

Digital Quartile 

2001 - 2003

Digital Quartile 

2013 - 2015

D10T12  Food products, beverages and Low Low

D13T15  Textiles, wearing apparel, Medium-Low Medium-Low

D16T18  Wood and paper products, and Medium-High Medium-High

D20  Chemicals and chemical Medium-Low Medium-Low

D21  Basic pharmaceutical products Medium-Low Medium-Low

D22T23  Rubber and plastics, and other Medium-Low Medium-Low

D24T25  Basic and fabricated metals, Medium-Low Medium-Low

D26  Computer, electronic and High High

D27  Electrical equipment [CJ] Medium-High Medium-High

D28  Machinery and equipment n.e.c. High High

D29T30  Transport equipment [CL] High High

D31T33  Furniture, other manufacturing, Medium-High Medium-High

D45T47  Wholesale and retail trade, Medium-High Medium-High

D49T53  Transportation and storage [H] Low Low

D55T56  Accommodation and food Low Low

D58T60  Publishing, audiovisual and Medium-High Medium-High

D61  Telecommunications [JB] High High

D62T63  IT and other information High High

D64T66 Financial and Insurance activities High High

D69T71  Legal and accounting, activities High High

D72  Scientific research and Medium-High Medium-High

D73T75  Advertising and market research, High High

D77T82  Administrative and support High High

Industry Classification and Digital Intensity Taxonomy
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The industries covered are limited to the manufacturing and service sectors. Utilities, 

construction and real estate are also removed. The final list of industries is identical to those 

used in the case of the Orbis data in Chapter 5 with the addition of financial services (D64T66). 

Financial services were excluded from the Orbis data given the focus on productivity. Many 

studies on productivity exclude financial services given the perceived differences to other 

sectors in the economy, making comparisons of multifactor productivity somewhat 

problematic. Financial services are not excluded from Chapter 6 given that the focus is on 

production technologies and intangibles, rather than productivity per se.   

 

  



211 

 

Appendix 10 Robustness Checks on the Production Function Results 

As discussed in Section 6.4.4, the core results employ a cleaning assumption whereby firms 

with a cost/sales ratio of greater than 2 are removed.  The production functions were calculated 

alternative cleaning assumptions where firms with cost/sales ratios of greater than 1.1 and 4 

were removed. Doing so did not alter the results significantly, and the same trends were evident 

for all production coefficients (i.e. the ACOGS coefficient fell over time, while the ASGA and 

CIC coefficients increased). Mean values for the CIC coefficient in Cycles 6 and 7 using the 

three cleaning assumptions are outlined below.   

 

Source: author’s estimates based on Compustat data. 

Using the Olley Pakes method 

The core results were generated using the Ackerberg, Caves and Frazer approach. Using the 

Olley Pakes approach provided similar trends, as we can see from the mean coefficients for 

each economic cycle using the 1970 – 2019 data.  

 

Source: author’s estimates based on Compustat data. 

The same comparison using the 1997 – 2019 data is provided below. Splits by industry digital 

intensity are also provided.  

Cycle ACOGS ASGA CPC CIC Cycle ACOGS ASGA CPC CIC

'70 - '73 0.69 0.20 0.06 0.04 '70 - '73 0.69 0.21 0.10 0.03

'74 - '79 0.69 0.19 0.06 0.05 '74 - '79 0.68 0.24 0.05 0.04

'80 - '81 0.68 0.24 0.08 0.00 '80 - '81 0.69 0.25 0.05 0.01

'82 - '90 0.71 0.22 0.06 0.02 '82 - '90 0.68 0.24 0.07 0.02

'91 - '00 0.66 0.25 0.06 0.04 '91 - '00 0.66 0.25 0.06 0.03

'01 - '07 0.63 0.27 0.06 0.05 '01 - '07 0.62 0.29 0.08 0.05

'08 - '16 0.61 0.26 0.06 0.08 '08 - '16 0.61 0.32 0.03 0.07

Mean Coefficients Using Ackerberg, Caves and Frazer Mean Coefficients Using Olley Pakes
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Source: author’s estimates based on Compustat data. 

Translog production technology 

 

Source: author’s estimates based on Compustat data. 

The production functions were also estimated with translog specification which provides a less 

restrictive form that the Cobb Douglas. The Cobb Douglas form carries a number of implicit 

assumptions, the most restrictive of which are that the output elasticities are constant and do 

not vary across firms. The table above provides results for the mean coefficients for each of 

the inputs in cycles 6 and 7, as well as splits by digital intensity.  

Alternative measures of intangible assets 

The core measures of intangible assets are calculated using the assumptions of Ewens et al. 

(2021), outlined in Section 6.4 and Appendix 7, which are an extension on the work of Peters 

and Taylor (2017). The production functions were also calculated using estimates of intangible 

assets based on the Peters and Taylor (2017)n functions were also calculated using estimates 

of intangible assets based on the Peters and Taylor (2017) parameters which are listed in 

Appendix 7. The table below provides results for the mean coefficients for each of the inputs 

in cycles 6 and 7, as well as splits by digital intensity. 

 

Cycle ACOGS ASGA CPC CIC Cycle ACOGS ASGA CPC CIC

'01 - '07 0.64 0.27 0.05 0.04 '01 - '07 0.63 0.30 0.06 0.04

Less digital intensive 0.69 0.22 0.05 0.02 Less digital intensive 0.69 0.24 0.08 0.02

Digital intensive 0.61 0.29 0.05 0.05 Digital intensive 0.60 0.34 0.06 0.06

'08 - '16 0.61 0.26 0.05 0.08 '08 - '16 0.61 0.31 0.03 0.07

Less digital intensive 0.68 0.23 0.05 0.03 Less digital intensive 0.68 0.24 0.02 0.06

Digital intensive 0.56 0.28 0.04 0.10 Digital intensive 0.57 0.35 0.03 0.08

Mean Coefficients Using Ackerberg, Caves and Frazer Mean Coefficients Using Olley Pakes

Cycle ACOGS ASGA CPC CIC

'01 - '07 0.60 0.32 0.09 0.03

Less digital intensive 0.70 0.23 0.09 0.01

Digital intensive 0.55 0.37 0.10 0.03

'08 - '16 0.67 0.26 0.03 0.05

Less digital intensive 0.74 0.22 0.02 0.04

Digital intensive 0.63 0.28 0.04 0.06

Mean Coefficients Using ACF with Translog Technology

Cycle ACOGS ASGA CPC CIC

'01 - '07 0.64 0.28 0.06 0.03

Less digital intensive 0.70 0.23 0.05 0.02

Digital intensive 0.60 0.30 0.06 0.04

'08 - '16 0.61 0.28 0.05 0.07

Less digital intensive 0.70 0.25 0.05 0.05

Digital intensive 0.57 0.29 0.05 0.09

Mean Coefficients Using Peters & Taylor (2017) Assumptions
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Source: author’s estimates based on Compustat data. 

Use of knowledge capital only 

The previous estimates are based on a firm’s knowledge and organisational capital, as well as 

its balance sheet intangibles (which are a combination of the two). The intangible coefficients 

below are based on knowledge capital only. 

 

Source: author’s estimates based on Compustat data. 

Summary of intangible capital coefficients for each of the estimation methodologies 

The table below lists the intangible coefficients produced using each of the alternative 

estimation methodologies for all 23 NACE 2-digit industries in cycles 6 and 7. Pearson and 

Spearman correlation coefficients are also provided.  

  

Cycle

Parameter 

Assumptions ACOGS ASGA CPC CIC

'01 - '07 Ewens et al. (2021) 0.63 0.32 0.06 0.00

Less digital intensive Ewens et al. (2021) 0.72 0.23 0.06 0.01

Digital intensive Ewens et al. (2021) 0.59 0.37 0.07 0.00

'08 - '16 Ewens et al. (2021) 0.63 0.33 0.06 0.01

Less digital intensive Ewens et al. (2021) 0.74 0.25 0.04 0.01

Digital intensive Ewens et al. (2021) 0.57 0.38 0.07 0.00

'01 - '07 Peters & Taylor (2017) 0.65 0.31 0.06 0.06

Less digital intensive Peters & Taylor (2017) 0.70 0.26 0.06 0.06

Digital intensive Peters & Taylor (2017) 0.61 0.34 0.06 0.06

'08 - '16 Peters & Taylor (2017) 0.62 0.33 0.06 0.06

Less digital intensive Peters & Taylor (2017) 0.69 0.27 0.05 0.05

Digital intensive Peters & Taylor (2017) 0.59 0.37 0.06 0.06

Mean Coefficients with Knowledge Capital as Intangible Measure
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Source: author’s estimates based on Compustat data. 

ISIC 

Rev. 4 

Code Industry Name Core

Cost / Sale 

1.1

Cost / Sale 

4 Olley Pakes Translog

Peters & 

Taylor

Knowledge 

Capital Only

Know. Cap. 

and Peters & 

Taylor

D10T12 Food products, beverages and tobacco [CA] -0.02 -0.01 -0.01 -0.03 -0.04 0.02 0.01 0.09

D13T15 Textiles, wearing apparel, leather and related prodcuts [CB] -0.02 0.01 -0.02 0.03 0.02 -0.03 -0.02 0.04

D16T18 Wood and paper products, and printing [CC] 0.03 0.03 0.03 0.04 0.00 0.05 0.00 0.09

D20 Chemicals and chemical products [CE] 0.02 0.01 0.05 0.04 -0.06 0.02 0.00 0.10

D21 Basic pharma products and pharma preparations [CF] 0.09 0.09 0.09 0.09 0.13 0.08 0.03 0.07

D22T23 Rubber and plastics, other non-metallic mineral products [CG] 0.06 0.04 0.05 0.00 0.09 0.03 0.01 0.03

D24T25 Basic and fabricated metals, except machinery and equip. [CH] -0.01 -0.03 0.00 -0.02 0.02 -0.03 -0.01 0.07

D26 Computer, electronic and optical products [CI] -0.02 0.02 -0.02 0.03 -0.02 -0.02 -0.02 0.03

D27 Electrical equipment [CJ] 0.02 0.04 0.01 0.03 0.04 0.00 -0.01 0.03

D28 Machinery and equipment n.e.c. [CK] 0.02 0.05 0.02 0.02 0.00 0.02 -0.01 0.04

D29T30 Transport equipment [CL] 0.03 0.04 0.04 0.05 0.05 0.04 0.01 0.04

D31T33 Furniture; other manf; repair & installation of mach. & equip. [CM] 0.12 0.12 0.11 0.12 0.09 0.05 -0.01 0.09

D45T47 Wholesale and retail, repair of motor vehicles and motorcycles [G] 0.05 0.04 0.06 0.04 0.01 0.06 -0.01 0.03

D49T53 Transportation and storage [H] 0.06 0.07 0.04 0.01 -0.07 0.04 -0.07 0.03

D55T56 Accommodation and food service activities [I] 0.02 0.02 0.03 0.02 0.01 0.02 0.12 0.06

D58T60 Publishing, audiovisual and broadcasting activities [JA] 0.14 0.14 0.17 0.17 0.13 0.12 0.07 0.08

D61 Telecommunications [JB] 0.09 0.07 0.09 0.07 0.08 0.10 0.01 0.10

D62T63 IT and other information services [JC] 0.09 0.08 0.10 0.08 0.07 0.05 0.00 0.05

D64T66 Financial and Insurance activities [K] 0.00 0.02 -0.01 -0.01 -0.04 0.00 0.00 -0.01

D69T71 Legal and accounting activities, etc [MA] 0.06 0.05 0.05 0.06 0.00 0.05 -0.02 0.07

D72 Scientific research and development [MB] -0.01 0.03 -0.02 0.03 -0.07 -0.07 -0.05 0.08

D73T75 Advertising; other prof., scientific and tech.; veterinary [MC] 0.05 0.05 0.07 0.07 0.06 0.05 0.01 0.12

D77T82 Administrative and support service activities [N] 0.11 0.10 0.11 0.05 0.09 0.09 0.00 0.11

Mean 0.04 0.05 0.05 0.04 0.03 0.03 0.00 0.06

Less digital intensive 0.02 0.03 0.03 0.02 0.01 0.02 0.01 0.06

Digital intensive 0.05 0.06 0.05 0.06 0.03 0.04 0.00 0.06

Core CS 1.1 CS 4 OP TL P&T Know P&T + Know

Pearson Correlations                                                            Core 1.00

Cost / Sale 1.1 0.93 1.00

Cost / Sale 4 0.97 0.88 1.00

Olley Pakes 0.79 0.85 0.82 1.00

Translog 0.74 0.67 0.76 0.65 1.00

Peters & Taylor 0.87 0.75 0.90 0.62 0.67 1.00

Knowledge Capital Only 0.21 0.13 0.34 0.24 0.44 0.37 1.00

Know. Cap. and Peters & Taylor 0.37 0.29 0.46 0.39 0.26 0.39 0.14 1.00

Spearman Rank Correlations                                               Core 1.00

Cost / Sale 1.1 0.91 1.00

Cost / Sale 4 0.94 0.85 1.00

Olley Pakes 0.72 0.74 0.76 1.00

Translog 0.71 0.64 0.74 0.61 1.00

Peters & Taylor 0.88 0.81 0.92 0.74 0.64 1.00

Knowledge Capital Only 0.26 0.15 0.38 0.16 0.45 0.47 1.00

Know. Cap. and Peters & Taylor 0.31 0.27 0.45 0.49 0.24 0.48 0.30 1.00

Value of Intangible Capital Coefficient by Estimation Methodology for Cycle 6 (2001 - 2007)
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Source: author’s estimates based on Compustat data. 

ISIC 

Rev. 4 

Code Industry Name Core

Cost / Sale 

1.1

Cost / Sale 

4 Olley Pakes Translog

Peters & 

Taylor

Knowledge 

Capital Only

Know. Cap. 

and Peters & 

Taylor

D10T12 Food products, beverages and tobacco [CA] 0.00 0.03 0.01 -0.01 0.00 0.02 0.00 0.04

D13T15 Textiles, wearing apparel, leather and related prodcuts [CB] -0.02 0.00 -0.02 0.02 -0.07 -0.05 0.00 0.04

D16T18 Wood and paper products, and printing [CC] 0.01 0.03 0.02 0.02 0.02 0.02 -0.02 0.06

D20 Chemicals and chemical products [CE] 0.00 0.01 -0.02 0.08 0.00 -0.03 0.01 0.06

D21 Basic pharma products and pharma preparations [CF] 0.14 0.14 0.13 0.19 0.23 0.20 0.05 0.10

D22T23 Rubber and plastics, other non-metallic mineral products [CG] 0.01 0.02 0.01 0.02 0.04 0.02 0.02 0.01

D24T25 Basic and fabricated metals, except machinery and equip. [CH] 0.00 0.00 0.02 0.03 -0.01 0.03 0.00 0.02

D26 Computer, electronic and optical products [CI] 0.16 0.14 0.12 0.14 0.03 0.13 0.01 0.06

D27 Electrical equipment [CJ] 0.01 0.05 0.00 0.02 0.04 -0.02 -0.02 0.08

D28 Machinery and equipment n.e.c. [CK] 0.08 0.08 0.10 0.04 0.06 0.07 0.00 0.06

D29T30 Transport equipment [CL] 0.06 0.06 0.08 0.04 0.04 0.09 0.02 0.03

D31T33 Furniture; other manf; repair & installation of mach. & equip. [CM] 0.11 0.16 0.10 0.09 0.07 0.04 -0.01 0.09

D45T47 Wholesale and retail, repair of motor vehicles and motorcycles [G] 0.02 0.02 0.03 0.05 0.00 0.02 0.01 0.04

D49T53 Transportation and storage [H] 0.09 0.09 0.09 0.06 0.06 0.10 0.01 0.11

D55T56 Accommodation and food service activities [I] 0.06 0.07 0.05 0.08 0.03 0.09 0.02 0.03

D58T60 Publishing, audiovisual and broadcasting activities [JA] 0.20 0.21 0.20 0.18 0.12 0.20 0.02 0.10

D61 Telecommunications [JB] 0.11 0.12 0.14 0.06 0.04 0.13 -0.03 0.07

D62T63 IT and other information services [JC] 0.13 0.11 0.18 0.12 0.14 0.10 0.02 0.08

D64T66 Financial and Insurance activities [K] 0.06 0.06 0.07 0.06 0.09 0.06 0.02 0.00

D69T71 Legal and accounting activities, etc [MA] 0.09 0.11 0.09 0.04 0.04 0.14 0.01 0.10

D72 Scientific research and development [MB] 0.08 0.08 0.06 0.08 0.06 0.06 -0.02 0.03

D73T75 Advertising; other prof., scientific and tech.; veterinary [MC] 0.19 0.09 0.18 0.19 0.14 0.10 0.00 -0.01

D77T82 Administrative and support service activities [N] 0.16 0.15 0.18 0.06 0.05 0.17 0.04 0.07

Mean 0.08 0.08 0.08 0.07 0.05 0.07 0.01 0.06

Less digital intensive 0.03 0.04 0.03 0.06 0.04 0.05 0.01 0.05

Digital intensive 0.10 0.10 0.10 0.08 0.06 0.09 0.00 0.06

Core CS 1.1 CS 4 OP TL P&T Know P&T + Know

Pearson Correlations                                                            Core 1.00

Cost / Sale 1.1 0.91 1.00

Cost / Sale 4 0.96 0.86 1.00

Olley Pakes 0.81 0.67 0.72 1.00

Translog 0.72 0.64 0.71 0.78 1.00

Peters & Taylor 0.87 0.84 0.87 0.65 0.69 1.00

Knowledge Capital Only 0.34 0.27 0.36 0.40 0.46 0.49 1.00

Know. Cap. and Peters & Taylor 0.32 0.58 0.30 0.18 0.25 0.41 0.15 1.00

Spearman Rank Correlations                                               Core 1.00

Cost / Sale 1.1 0.92 1.00

Cost / Sale 4 0.95 0.89 1.00

Olley Pakes 0.79 0.68 0.71 1.00

Translog 0.76 0.69 0.75 0.67 1.00

Peters & Taylor 0.89 0.85 0.89 0.63 0.62 1.00

Knowledge Capital Only 0.32 0.23 0.33 0.38 0.34 0.44 1.00

Know. Cap. and Peters & Taylor 0.41 0.62 0.39 0.22 0.27 0.44 0.11 1.00

Value of Intangible Capital Coefficient by Estimation Methodology for Cycle 7 (2008 - 2019)
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Appendix 11 Estimates of Intangible Intensity 

Each of the industries were divided into 4 quartiles of intangible intensity according to the 

average of their intangible coefficients using the two estimation methods (ACF and Olley 

Pakes) in each cycle.  We also have two sets of deflators for post 1997 data, which gives us 

four estimates for Cycles 6 and 7 (ACF and Olley Pakes estimates for each set of deflators).  

Those with the lowest average intangible coefficients comprised quartile 1, with the highest 

constituting quartile 4. Industries below the intangible median (quartiles 1 and 2) are designated 

as being less intangible intensive, with those above the intangible median being intangible 

intensive. The full set of averaged coefficients for each cycle, along with the intangible 

classifications, are provided below.   

 

 

 

 

ISIC Rev. 

4 Code
Industry Name

Cycle 1 

('70 - '73)

Cycle 2 

('74 - '79)

Cycle 3 

('80 - '81)

Cycle 4 

('82 - '90)

Cycle 5 

('91 - '00)

Cycle 6 

('01 - '07)

Cycle 7 

('08 - '19)

D10T12 Food products, beverages and tobacco [CA] -0.04 -0.01 0.01 0.01 0.00 -0.01 0.00

D13T15 Textiles, wearing apparel, leather and related prodcuts [CB] -0.02 -0.02 -0.03 -0.01 0.01 0.00 -0.02

D16T18 Wood and paper products, and printing [CC] 0.01 0.01 -0.01 0.03 0.01 0.02 0.04

D20 Chemicals and chemical products [CE] 0.06 0.08 0.02 0.01 0.04 0.02 0.04

D21 Basic pharma products and pharma preparations [CF] 0.20 0.16 -0.10 0.03 0.09 0.11 0.16

D22T23 Rubber and plastics, other non-metallic mineral products [CG] 0.01 -0.01 0.03 0.00 -0.01 0.04 0.02

D24T25 Basic and fabricated metals, except machinery and equip. [CH] 0.01 0.03 0.03 0.01 0.02 0.00 0.02

D26 Computer, electronic and optical products [CI] NA NA NA 0.02 0.04 0.05 0.13

D27 Electrical equipment [CJ] 0.02 0.02 0.06 0.02 0.01 0.02 0.01

D28 Machinery and equipment n.e.c. [CK] 0.13 0.05 -0.01 0.04 0.04 0.03 0.07

D29T30 Transport equipment [CL] 0.10 0.11 0.07 0.06 0.03 0.05 0.05

D31T33 Furniture; other manf; repair & installation of mach. & equip. [CM] -0.07 -0.06 -0.04 -0.08 0.00 0.07 0.06

D45T47 Wholesale and retail, repair of motor vehicles and motorcycles [G] -0.05 -0.02 -0.05 0.00 0.04 0.05 0.03

D49T53 Transportation and storage [H] 0.09 -0.04 0.06 0.09 0.05 0.03 0.11

D55T56 Accommodation and food service activities [I] -0.04 -0.05 -0.03 0.00 0.02 0.01 0.07

D58T60 Publishing, audiovisual and broadcasting activities [JA] 0.03 0.04 0.01 0.06 0.13 0.15 0.16

D61 Telecommunications [JB] -0.10 -0.14 NA 0.04 0.05 0.10 0.09

D62T63 IT and other information services [JC] 0.00 0.10 -0.03 0.06 0.04 0.07 0.11

D64T66 Financial and Insurance activities [K] 0.03 0.18 0.11 -0.06 0.00 0.01 0.07

D69T71 Legal and accounting activities, etc [MA] 0.08 0.12 0.00 0.08 0.05 0.05 0.08

D72 Scientific research and development [MB] NA NA NA -0.03 -0.05 0.05 0.06

D73T75 Advertising; other prof., scientific and tech.; veterinary [MC] 0.17 0.11 NA -0.02 0.04 0.05 0.16

D77T82 Administrative and support service activities [N] 0.01 0.16 -0.08 -0.02 0.06 0.08 0.11
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Appendix 12 Intangible Regressions 

Relationship between profit margin and intangible capital (top x firms dummy) 

 

 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Dependent Variable Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin

Top X Dummy

Top 3 

ISIC Rev. 4

Top 3 

ISIC Rev. 4

Top 8 

ISIC Rev. 4

Top 8 

ISIC Rev. 4

Top 3 

NACE Rev. 2

Top 3 

NACE Rev. 2

Top 3 

ISIC Rev. 4

Top 3 

ISIC Rev. 4

Top 8 

ISIC Rev. 4

Top 8 

ISIC Rev. 4

Top 3 

NACE Rev. 2

Top 3 

NACE Rev. 2

Log Sales -0.506*** -0.572*** -0.504*** -0.571*** -0.506*** -0.573*** -0.154*** -0.344*** -0.153*** -0.342*** -0.153*** -0.342***

(0.014) (0.015) (0.014) (0.015) (0.014) (0.015) (0.015) (0.016) (0.015) (0.016) (0.015) (0.016)

Log Age -0.186*** -0.171*** -0.185*** -0.170*** -0.185*** -0.170*** -0.067*** -0.011 -0.067*** -0.009 -0.067*** -0.009

(0.015) (0.017) (0.015) (0.017) (0.015) (0.017) (0.013) (0.013) (0.013) (0.013) (0.013) (0.013)

Log MFP -0.071*** -0.069*** -0.070*** 1.858*** 1.863*** 1.864***

(0.016) (0.016) (0.016) (0.047) (0.047) (0.046)

Log Physical Capital 0.222*** 0.262*** 0.225*** 0.265*** 0.224*** 0.265*** 0.108*** 0.177*** 0.110*** 0.180*** 0.109*** 0.177***

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009) (0.009) (0.009) (0.009) (0.009)

Top X Dummy -0.327 -0.437 -0.488** -0.484** -0.687*** -0.632*** 0.036 -0.701 0.060 -0.357 -0.185 -0.554***

(0.362) (0.415) (0.195) (0.244) (0.187) (0.214) (0.338) (0.437) (0.185) (0.244) (0.171) (0.204)

Top X Dummy x Log Physical Capital -0.074* -0.152*** -0.102*** -0.172*** -0.064*** -0.095*** -0.035 -0.089 -0.071*** -0.124*** -0.032 -0.065**

(0.043) (0.051) (0.025) (0.030) (0.024) (0.027) (0.042) (0.055) (0.025) (0.031) (0.025) (0.028)

Intangible Capital 0.237*** 0.247*** 0.229*** 0.239*** 0.232*** 0.244*** 0.092*** 0.216*** 0.090*** 0.213*** 0.090*** 0.214***

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

Top X Dummy x Log Intangible Capital 0.116** 0.197*** 0.159*** 0.223*** 0.146*** 0.169*** 0.023 0.142** 0.053* 0.141*** 0.044 0.110***

(0.054) (0.063) (0.031) (0.037) (0.031) (0.037) (0.054) (0.059) (0.028) (0.032) (0.029) (0.033)

Observations 55,025 41,800 55,025 41,800 55,025 41,800 55,007 41,751 55,007 41,751 55,007 41,751

R-squared 0.174 0.220 0.177 0.223 0.176 0.221 0.458 0.602 0.458 0.603 0.458 0.602

Year FE YES YES YES YES YES YES

Cluster FIRM FIRM FIRM FIRM FIRM FIRM FIRM FIRM FIRM FIRM FIRM FIRM

Industry/Year FE NO NO NO NO NO NO YES YES YES YES YES YES

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Relationship between profit margin and intangible capital split by intangible type 

 

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

Dependent Variable Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin

Cycle 6 & 7 6 & 7 6 6 7 7

0 0 0

Log Sales 0.068** -0.089*** 0.078** -0.135*** 0.062* -0.076**

(0.027) (0.029) (0.031) (0.037) (0.033) (0.036)

Log Age -0.055** -0.007 -0.094*** -0.026 -0.028 0.010

(0.022) (0.022) (0.025) (0.028) (0.025) (0.026)

Log MFP 1.833*** 1.986*** 1.879***

(0.078) (0.108) (0.100)

Log Physical Capital 0.061*** 0.134*** 0.052*** 0.141*** 0.067*** 0.136***

(0.014) (0.015) (0.017) (0.020) (0.017) (0.018)

Top 8 Dummy 0.050 0.025 0.266 0.404 -0.121 -0.175

(0.266) (0.268) (0.313) (0.319) (0.306) (0.334)

Top 8 Dummy x Log Physical Capital -0.153*** -0.201*** -0.141*** -0.208*** -0.155*** -0.189***

(0.039) (0.041) (0.043) (0.052) (0.045) (0.048)

Balance Sheet Intangible Capital 0.002 0.009*** -0.000 0.004** 0.005*** 0.013***

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

Top 8 Dummy x Log Balance Sheet Intangible Capital 0.001 -0.004 -0.003 -0.008** 0.015 0.005

(0.005) (0.005) (0.005) (0.004) (0.015) (0.019)

Knowledge Capital 0.008** 0.001 0.004 -0.012*** 0.010** 0.005

(0.003) (0.004) (0.004) (0.004) (0.004) (0.005)

Top 8 Dummy x Log Knowledge Capital 0.004 0.018 0.012 0.030** 0.000 0.013

(0.010) (0.012) (0.012) (0.014) (0.010) (0.014)

Organisational Capital -0.060*** 0.034 -0.058** 0.032 -0.065*** 0.039

(0.020) (0.021) (0.024) (0.027) (0.024) (0.027)

Top 8 Dummy x Log Organisational Capital 0.131*** 0.174*** 0.099** 0.156*** 0.139*** 0.167***

(0.044) (0.046) (0.049) (0.051) (0.049) (0.060)

0 0 0 0 0 0

Observations 24,699 17,852 9,783 6,085 14,916 11,767

R-squared 0.168 0.289 0.168 0.318 0.163 0.283

Industry/Year FE YES YES YES YES YES YES

Cluster FIRM FIRM FIRM FIRM FIRM FIRM

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Relationship between profit margin and intangible capital by size group and cycle 

 

 

 

  

(1) (2) (3)

Dependent Variable Log EBIT Margin Log EBIT Margin Log EBIT Margin

Cycle 6 & 7 6 7

Log Sales -0.339*** -0.363*** -0.324***

(0.023) (0.028) (0.028)

Log Age -0.014 -0.015 -0.008

(0.016) (0.020) (0.020)

Log MFP 1.891*** 2.106*** 1.828***

(0.060) (0.088) (0.073)

Log Physical Capital 0.187*** 0.179*** 0.198***

(0.033) (0.051) (0.040)

Size Group 2 Dummy -0.126 -0.109 -0.082

(0.140) (0.196) (0.186)

Size Group 2 Dummy x Log Physical Capital 0.041 0.046 0.031

(0.035) (0.053) (0.041)

Size Group 3 Dummy -0.569*** -0.400** -0.612***

(0.145) (0.198) (0.193)

Size Group 3 Dummy x Log Physical Capital 0.023 0.016 0.019

(0.034) (0.052) (0.041)

Size Group 4 Dummy -0.425*** -0.009 -0.570***

(0.161) (0.221) (0.208)

Size Group 4 Dummy x Log Physical Capital -0.067* -0.020 -0.094**

(0.035) (0.053) (0.042)

Size Group 5 Dummy -0.278 0.092 -0.486

(0.278) (0.355) (0.344)

Size Group 5 Dummy x Log Physical Capital -0.123** -0.022 -0.169***

(0.050) (0.069) (0.057)

Log Intangible Capital 0.055 0.126 0.031

(0.057) (0.089) (0.070)

Size Group 2 Dummy x Log Intangible Capital 0.053 -0.005 0.065

(0.057) (0.091) (0.071)

Size Group 3 Dummy x Log Intangible Capital 0.167*** 0.091 0.191***

(0.057) (0.089) (0.070)

Size Group 4 Dummy x Log Intangible Capital 0.216*** 0.060 0.272***

(0.057) (0.090) (0.070)

Size Group 5 Dummy x Log Intangible Capital 0.237*** 0.052 0.309***

(0.066) (0.097) (0.079)

Observations 31,747 11,951 19,796

R-squared 0.350 0.357 0.346

Industry/Year FE YES YES YES

Cluster FIRM FIRM FIRM

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Relationship between profit margin and intangible capital by size group and digital 

intensity 

  

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

Dependent Variable Log EBIT Margin Log EBIT Margin Log EBIT Margin Log EBIT Margin

Cycle 6 & 7 6 & 7 6 & 7 6 & 7

Industry Less Dig. Inten. More Dig. Inten. Less Dig. Inten. More Dig. Inten.

Log Sales -0.205*** -0.425*** -0.312*** -0.349***

(0.033) (0.019) (0.045) (0.026)

Log Age -0.143*** -0.157*** -0.040 -0.007

(0.027) (0.019) (0.030) (0.019)

Log MFP 2.131*** 1.828***

(0.116) (0.069)

Log Physical Capital 0.091** 0.317*** 0.134*** 0.214***

(0.044) (0.032) (0.050) (0.041)

Size Group 2 Dummy -0.430* 0.080 -0.337 -0.042

(0.221) (0.118) (0.291) (0.155)

Size Group 2 Dummy x Log Physical Capital 0.057 0.067* 0.062 0.026

(0.050) (0.034) (0.054) (0.043)

Size Group 3 Dummy -0.707*** -0.924*** -0.635** -0.572***

(0.225) (0.137) (0.299) (0.163)

Size Group 3 Dummy x Log Physical Capital 0.058 -0.090*** 0.059 -0.002

(0.049) (0.035) (0.051) (0.043)

Size Group 4 Dummy -1.091*** -1.521*** -0.790** -0.388**

(0.242) (0.162) (0.330) (0.182)

Size Group 4 Dummy x Log Physical Capital 0.059 -0.195*** 0.036 -0.111**

(0.049) (0.036) (0.054) (0.044)

Size Group 5 Dummy -0.837 -1.158*** -0.903 -0.157

(0.522) (0.375) (0.676) (0.334)

Size Group 5 Dummy x Log Physical Capital -0.087 -0.305*** -0.015 -0.163***

(0.097) (0.050) (0.114) (0.057)

Log Intangible Capital 0.142* -0.044 -0.057 0.098

(0.076) (0.060) (0.108) (0.065)

Size Group 2 Dummy x Log Intangible Capital 0.056 0.027 0.187* -0.007

(0.079) (0.061) (0.106) (0.066)

Size Group 3 Dummy x Log Intangible Capital 0.060 0.288*** 0.258** 0.134**

(0.077) (0.062) (0.107) (0.065)

Size Group 4 Dummy x Log Intangible Capital 0.089 0.440*** 0.286*** 0.193***

(0.077) (0.062) (0.108) (0.066)

Size Group 5 Dummy x Log Intangible Capital 0.174* 0.483*** 0.328*** 0.202**

(0.089) (0.075) (0.120) (0.078)

Observations 11,755 41,020 7,489 24,258

R-squared 0.168 0.219 0.382 0.339

Fixed Effects Year Year Ind. / Year Ind. / Year

Cluster FIRM FIRM FIRM FIRM

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Appendix 13 Variables Used in Intangibles Regressions 

The Top Eight Market Share is defined as the sum of the real sales of the top eight firms by 

sales in each of the 23 NACE Rev. 2 A38 industries in each year from 2001 – 2019.  

The Mean Top 8 Intangible Capital Intensity is the share of intangible capital divided by 

total capital (intangible capital plus physical capital).  

The Top 8 Market Share is the share of real sales of the top eight firms for each of NACE 

Rev. 2 A38 industries in each year from 2001 – 2019, divided by the total sales in the 

industry/year pair.  

The Percentage of Labour with College Degrees is the share of labour with a college degree 

for each of the NACE Rev. 2 A38 industries in each year from 2001 – 2019, as per US KLEMS 

data from the US Bureau of Economic Analysis.  

The Mean Firm Age is the mean age of firms in each NACE Rev. 2 A38 industry.  

The Mean Percentage of Fixed Costs follows de Ridder (2021) who uses markup estimates 

to derive estimates of fixed costs as follows: 

Fit = (1 – 1/µit)PitYit - πit 

where πit is the markup of firm i at time t, Yit and Pit are firm revenues, and µit are firm operating 

profits (EBIT). 

The Industry Openness variable is calculated based on data from the OECD Trade in Value 

Added database and is the sum of industry final goods exports and imports divided by industry 

value added. The resulting values were divided into 4 quartiles, where the first quartile has the 

lowest openness scores.  
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Appendix 14 Variables Used in Intangibles and Tax Regressions 

See Appendix 15 for details regarding the BEA Digitalisation measure.  

MNE is equal to one if the absolute value of pretax foreign income (PIFO in Compustat) is 

greater than zero or if the absolute value of foreign tax expense (TXFO) is greater than zero. 

Log Assets is the natural log of total assets (AT). 

R&D is the percentage of R&D expense (XRD) divided by sales (SALE).  

PPE is the ratio of net property, plant, and equipment (PPENT) to total assets (AT). 

Leverage is total debt (DLTT + DLC) divided by total assets (AT). 

Capex is capital assets (CAPX) scaled by net property, plant, and equipment (PPENT). 

Advertising is the ratio of advertising expense (XAD) to sales (SALE). If XAD is missing it 

is set to zero. 

Special Items is the ratio of special items (SPI) to total assets (AT). If SPI is missing it is set 

to zero. 

NOL is a dummy variable equal to one if Compustat reports a tax-loss carryforward (TLCF) 

at the end of the previous year.  

NOL Delta is the change in net operating losses and is the difference between the current and 

lagged tax-loss carryforward (TLCF), scaled by lagged total assets (AT). 

Five Year Loss is a count variable taking the values 0, 1, 2, 3, or 4, depending on the number 

of pretax losses over the years t-4 to t. 

Firm size dummies - small is < 500 employees, medium is 500 – 4,999 employees and large 

is 5,000 + employees. 
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Appendix 15 US BEA Digitalisation Measures 

Estimates of digitally derived gross output, value added, employment, and compensation are 

provided for 92 NAICS industries. Histograms outlining each industry/year value for all three 

categories are provided below.  As with the OECD data, the industries are split into ‘digital 

intensive’ and ‘less digital intensive’ categories. We can see two distinct clusters of industries 

in each category.  The first group tends to have 10% or less of value 

added/employment/compensation defined as ‘digital’. They are designated as being ‘less 

digital intensive’, and marked in blue below. The second group has at least 20%, and are 

designated as ‘digital intensive’ (marked in green).  

Value Added 

 

Employment 
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Total Compensation 
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Appendix 16 Cash ETR Regressions with BEA Based Digitalisation 

Measure  

BEA Digital Dummy  
  (1) 

Dependent Variable Cash ETR 

Period '05 - '19 

    

Digital Dummy BEA -0.013** 

MNE 0.027*** 

Trend -0.001 

Log Sales 0.014*** 

Log Assets -0.049*** 

R&D -0.318*** 

PPE -0.165*** 

Leverage -0.023* 

Capex -0.053*** 

Advertising 0.064 

Special Items -1.502*** 

Lag Special Items 0.016 

NOL -0.039*** 

NOL Delta -0.000 

Five Year Loss -0.011*** 

FCF -0.000 

Book Intangibles  
Total Intangibles 0.039*** 

Intangible Share -0.105*** 

Log Age 0.009** 

TCJA -0.023*** 

Extractive Dummy 0.034*** 

  

Observations 19,808 

R-squared 0.078 

Cluster FIRM 

Robust standard errors in 

parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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BEA Digital Dummy and Size Interactions 

  (1) 

Dependent Variable Cash ETR 

Period '05 - '19 

  

Digital Dummy BEA 0.015 

Size Medium 0.054*** 

Size Medium x Dig Dummy -0.042*** 

Size Large 0.068*** 

Size Large x Dig Dummy -0.023* 

MNE 0.025*** 

Trend -0.001 

Log Sales 0.008* 

Log Assets -0.043*** 

R&D -0.286*** 

PPE -0.154*** 

Leverage -0.016 

Capex -0.057*** 

Advertising 0.070 

Special Items -1.492*** 

Lag Special Items 0.024 

NOL -0.042*** 

NOL Delta -0.000 

Total Intangibles 0.032*** 

Intangible Share -0.082*** 

Log Age 0.007** 

TCJA -0.024*** 

Extractive Dummy 0.045*** 

  

Observations 19,808 

R-squared 0.083 

Cluster FIRM 

Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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BEA Digital Dummy and MNE Interactions 

  (1) 

Dependent Variable Cash ETR 

Period '05 - '19 

  

Digital Dummy BEA -0.018* 

MNE 0.025*** 

MNE x Dig Dummy 0.008 

Trend -0.001 

Log Sales 0.014*** 

Log Assets -0.049*** 

R&D -0.323*** 

PPE -0.166*** 

Leverage -0.023* 

Capex -0.054*** 

Advertising 0.062 

Special Items -1.500*** 

Lag Special Items 0.016 

NOL -0.039*** 

NOL Delta -0.000 

Five Year Loss -0.011*** 

FCF -0.000 

Total Intangibles 0.039*** 

Intangible Share -0.106*** 

Log Age 0.009** 

TCJA -0.023*** 

Extractive Dummy 0.034** 

  

Observations 19,808 

R-squared 0.078 

Cluster FIRM 

Robust standard errors in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  
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Appendix 17 Cash ETR Excluding Special Items Regressions 

Digital Dummies   

  (1) (2) 

Dependent Variable Cash ETR SI Cash ETR SI 

Digital Dummy OECD BEA 

Period '01 - '19 '05 - '19 

   

Digital Dummy OECD -0.003  
Digital Dummy BEA  -0.015*** 

MNE 0.019*** 0.018*** 

Trend -0.000 -0.002*** 

Log Sales 0.022*** 0.023*** 

Log Assets -0.049*** -0.049*** 

R&D -0.277*** -0.260*** 

PPE -0.141*** -0.123*** 

Leverage -0.056*** -0.054*** 

Capex -0.026** -0.036*** 

Advertising 0.165** 0.129 

Special Items 0.378*** 0.374*** 

Lag Special Items 0.136** 0.099* 

NOL -0.043*** -0.041*** 

NOL Delta -0.000 -0.000 

Five Year Loss -0.022*** -0.020*** 

FCF -0.000 0.000 

Book Intangibles   

Total Intangibles 0.031*** 0.030*** 

Intangible Share -0.095*** -0.076*** 

Log Age 0.009*** 0.009*** 

TCJA -0.024*** -0.017*** 

Extractive Dummy 0.032*** 0.026** 

   

Observations 24,911 19,808 

R-squared 0.081 0.081 

Cluster FIRM FIRM 

Robust standard errors in 

parentheses   

*** p<0.01, ** p<0.05, * p<0.1   
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Digital Dummies and Size Interactions  

  (1) (2) 

Dependent Variable 

Cash ETR 

SI Cash ETR SI 

Digital Dummy OECD BEA 

Period '01 - '19 '05 - '19 

   

Digital Dummy OECD 0.020**  
Digital Dummy BEA  0.013 

Size Medium 0.046*** 0.045*** 

Size Medium x Dig Dummy -0.032*** -0.039*** 

Size Large 0.059*** 0.056*** 

Size Large x Dig Dummy -0.027** -0.028** 

MNE 0.018*** 0.017*** 

Trend -0.000 -0.001*** 

Log Sales 0.017*** 0.018*** 

Log Assets -0.044*** -0.044*** 

R&D -0.256*** -0.236*** 

PPE -0.132*** -0.114*** 

Leverage -0.052*** -0.049*** 

Capex -0.028** -0.038*** 

Advertising 0.163** 0.133* 

Special Items 0.388*** 0.380*** 

Lag Special Items 0.142** 0.104* 

NOL -0.044*** -0.043*** 

NOL Delta -0.000 -0.000 

Total Intangibles 0.025*** 0.024*** 

Intangible Share -0.075*** -0.058** 

Log Age 0.008*** 0.008** 

TCJA -0.025*** -0.018*** 

Extractive Dummy 0.041*** 0.035*** 

   

Observations 24,911 19,808 

R-squared 0.084 0.085 

Cluster FIRM FIRM 

Robust standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1   
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Digital Dummies and MNE Interactions  

  (1) (2) 

Dependent Variable 

Cash ETR 

SI Cash ETR SI 

Digital Dummy OECD BEA 

Period '01 - '19 '05 - '19 

   

Digital Dummy OECD 0.008  
Digital Dummy BEA  -0.022** 

MNE 0.030*** 0.015*** 

MNE x Dig Dummy -0.017** 0.010 

Trend -0.000 -0.002*** 

Log Sales 0.022*** 0.023*** 

Log Assets -0.048*** -0.049*** 

R&D -0.271*** -0.266*** 

PPE -0.137*** -0.125*** 

Leverage -0.057*** -0.054*** 

Capex -0.025** -0.036*** 

Advertising 0.159** 0.126 

Special Items 0.375*** 0.376*** 

Lag Special Items 0.137** 0.099* 

NOL -0.043*** -0.041*** 

NOL Delta -0.000 -0.000 

Five Year Loss -0.021*** -0.020*** 

FCF -0.000 0.000 

Total Intangibles 0.030*** 0.030*** 

Intangible Share -0.091*** -0.078*** 

Log Age 0.009*** 0.009*** 

TCJA -0.024*** -0.017*** 

Extractive Dummy 0.033*** 0.026** 

   

Observations 24,911 19,808 

R-squared 0.081 0.081 

Cluster FIRM FIRM 

Robust standard errors in parentheses   

*** p<0.01, ** p<0.05, * p<0.1   

 


