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Abstract 

This paper studies how the adoption of digital technologies has changed the employment structure of 

UK firms. While the scientific literature traditionally has shown inconclusive results about who is 

winning the race between man and machine, we argue that currently there are reasons to be less 

pessimistic about the effect of technology on labor. Drawing on an employer-employee panel survey 

in 2004 and 2011 in the UK, this study shows that the effect of the firms’ routine exposure on 

employment and wages varies according to the skill content of occupations and by sectors. Our results 

suggest that firms’ concentration on routine cognitive jobs does not generate outright job-losses and 

could even have a positive effect on overall employment at firm-level. On the other hand, firms 

exposed to routine manual task jobs are more at risk of generating a negative impact on firms’ labor, 

mainly decreasing their workforce. While the concentration of routine occupations has a job-creating 

effect in the tertiary sector, this does not necessarily imply consistent job-losses within the secondary 

sector. Finally, we conclude that the investment in routine workforce without the appropriate 

technological adoption is not enough to generate positive effects on labor at firm-level, specifically in 

the manufacturing sector.  

 

Keywords: digitalisation, employment, wages, digital technologies, routine jobs, firm, UK.  

 

1 Introduction 

There is a burgeoning literature on the relations between technology and labor and on the 

determinants of changes in the occupational structure and the effect on the industrial and survival of 

traditional business models. Literature in labor economics, including authors like Autor et al. (2003) 

and Goos and Manning (2007), claim that since the 1990s employment opportunities increased for 

high‐ (e.g., managers, scientists, and professionals) and low‐skill (e.g., janitors, security guards, 

waiters, and cleaners) occupations while the demand for mid‐skill jobs (e.g., clerks, production, and 

workers) has decreased. This phenomenon, known as the polarization of the labor markets, appears, 

with very few exceptions, across countries (OECD, 2017). 

mailto:msbarrioluengo@manchester.ac.uk
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Information and Communication Technologies (ICT) are one of the main factors affecting ‘job 

polarization’ which, on the one hand, has accelerated the replacement of jobs intensive in routine 

physical and cognitive tasks while, on the other hand, has increased the productivity of occupations 

for which problem-solving and interaction skills are important (Levy and Murnane, 2004). While an 

important set of scientific papers has focused on the impact of technology and automated processes 

on employment and wages (Acemoglu and Restrepo, 2017), the literature is inconsistent on who is 

winning the race between man and machine when the analysis focuses on historical data from the last 

decades (see for example, Graetz and Michaels, 2018; Acemoglu and Restrepo, 2017; Bessen and 

Righi, 2019; Bessen, 2019), showing some differences that emerge across countries (Adermon and 

Gustavson, 2011; Fonseca et al., 2018; Harrigan et al., 2016; Salvatori, 2018) and sectors (Gaggl and 

Wright, 2017; Bessen and Righi, 2019). The current challenge is to understand if we are nowadays at 

a different time under the digital era and there are reasons to feel less pessimistic about the impact 

of technology on jobs (Balsmeier and Woerter, 2019; Bessen et al., 2019). While firms are at the heart 

of these labor changes (Matias-Cortes and Salvatori, 2019), very little is known about the effect of 

variations in the job composition and occupational (re)distribution at firm-level.  

This work puts the emphasis on middle-skill routine jobs, as they are mainly at risk of being replaced 

by technology and automated processes (Bessen et al., 2019; Autor, 2015; Autor and Dorn, 2013), and 

unpacks the differences that emerge when the skill content of these routine occupations is taken into 

consideration. The study contributes to this special issue by providing deeper knowledge about the 

impact of technology on employment and wages at firm-level in the digital era and addresses the 

following research questions: Do changes in the skill composition of jobs affect differently firms´ 

overall employment and wages nowadays? Does this pattern vary across sectors? It makes 

contributions to two stands of the literature. On the one hand, the paper provides further insights to 

the debate on labour economics by disentangling the effect of firm’s exposure to routine cognitive 

and manual jobs on labor across sectors nowadays. On the other hand, it reacts to the call for 

contributions in the strategic management literature on digitalisation driven changes at the business 

level (Loebbecke and Picot, 2015). 

Drawing on data from the UK’s Workplace Employment Relations Study (WERS), this paper links 

employers and employees information and provides evidence on the changes in the job composition 

(that is the occupational distribution of workers) and overall employment and wages at the firm-level. 

The UK is an interesting case of study due to its relatively light labor market regulations compared to 

other European countries (Eichhorst et al., 2010), which allows for a fast change from human labor to 

industrial machines. Data, provided by the Department for Business, Innovation and Skills, cover a 
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total of 989 firms included in a panel between 2004 and 2011. We suggest that while routine 

occupations have exhibited notable negative growth in the last years at firm-level, changes in the 

occupational profile of the firm based on these middle-skill jobs does not affect equally labor. Our 

results show that while routine jobs are more at risk of being replaced by automation, the effect of 

firms’ routine exposure on the overall employment and salaries varies according to the skill content 

of these middle-skill occupations. Specifically, exposure to routine cognitive jobs does not generate 

outright job-losses and could even have a positive effect on overall employment in the firm. On the 

other hand, firms exposed to routine manual tasks are more at risk of generating a negative impact 

on firms’ labor, mainly decreasing total workforce. The effect of routine exposure has also a sectoral 

component. While concentration of routine occupations has a job-creating effect in the tertiary sector, 

this does not necessarily imply consistent outright job-losses within the secondary sector and could 

have even a positive effect on labor in the case of exposure to routine cognitive occupations. Finally, 

we conclude that the investment in routine workforce without the appropriate technological adoption 

is not enough to generate positive effects on labor at firm-level, specifically in the manufacturing 

sector.  

The rest of the paper is structured as follows. We first introduce the relevant literature on polarization 

and the impact of automation on labor (Section 2). Section 3 presents the data sources, specifically 

the UK employer-employee survey linking the job composition of the firm with the measures of labor 

and the main variables used in the empirical analysis (routinization exposure and employment and 

wages at firm-level). Section 4 contains the empirical approach, analysing the effect of changes in the 

employment structure of the firm on labor. Lastly, Section 5 summarizes and concludes.   

2 Literature review 

2.1 Unpacking routine cognitive occupations 

The task-based approach has gained traction among scholars and policymakers for many reasons. 

First, compared to other frameworks (i.e., skill-biased technical change) it offers a coherent account 

of the empirical patterns observed in the labor markets of U.S. and Europe, especially the decline in 

employment and wages of routine occupations that contrasts with the increment of labor in both 

high- and low- skilled workers (Autor et al. 2003; Acemoglu and Autor, 2011). Second, it provides a 

nuanced view of how disruptive forces like technology (or trade) affects selectively some work tasks 

(and the attendant skills) rather than causing outright job loss or worker displacement.1 Or in other 

                                                           
1 For a contrarian view, see for example Schmitt et al. (2013). Several studies have concluded that job and 
wage polarization are the results of other factors as well (e.g. deunionisation, government policies and 
institutions, investment, trade, and globalization) (Card and DiNardo, 2002; Autor, 2014; Mishel et al., 2014). 
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words, this approach accommodates the dual role of technology, both complementing and 

substituting human work. Third, it resonates with traditional labor economics by emphasizing 

qualitative changes in the content of occupations due to the emergence, decline or transformation of 

skills (Eurofound, 2015; Vona and Consoli, 2015). 

The processes of computerisation and automation are a phenomenon that appears, with very few 

exceptions, across countries (OECD, 2017). Empirical work on polarization now covers the U.S. (Autor 

and Dorn, 2013), Europe (Gregory et al., 2016), individual European countries at national level 

(Adermon and Gustavson, 2011; Dauth, 2014; Fonseca et al., 2018; Harrigan et al., 2016; Salvatori, 

2018) as well as regional economies (Consoli and Sánchez-Barrioluengo, 2019; Dauth, 2014). The UK 

is no exception and the projections for 2014-2024 suggest that the phenomenon of polarization will 

continue with a strong growth for higher level occupations (like managers or professional occupations) 

and non-routine manual occupations (like caring or leisure), while at the same time net job losses are 

projected for those occupations more sensitive to be routinized (like secretarial occupations or plant 

and machine operatives) (UKCES, 2016). In fact, Matias-Cortes and Salvatori (2019) show the 

increasing trends in Great Britain towards a workplace occupational concentration, with a particular 

shift towards the specialization of non-routine occupations. 

In this polarization process, middle-skill routine occupations are of particular interest for 

understanding employment transformations because these occupations are traditionally more liable 

to be displaced and/or replaced by technology and automated processes (Bessen et al., 2019; Autor, 

2015; Autor and Dorn, 2013). Traditionally, routine tasks are characteristic of many middle-skilled 

occupations covering both cognitive and manual jobs, such as bookkeeping, clerical work, repetitive 

production, and monitoring jobs. Because the core job tasks of these occupations follow precise, well-

understood procedures, they can be (and increasingly are) codified in computer software and 

performed by industrial machinery (or, alternatively, they can be sent electronically -“outsourced”- 

often to foreign worksites) (Acemoglu and Autor, 2011). However, these routine occupations range 

from more cognitive tasks, that are most intensively used in clerical and sales occupations, to manual 

tasks that are most prevalent in production and operative positions. This distinction allows us to 

differentiate particular characteristics that emerge between cognitive and manual routine 

occupations: offshorability is highest in clerical/sales occupations and these routine cognitive tasks 

are strongly non-monotone in education, that is, they are used most intensively by high school and 

some-college workers. Routine manual tasks, in turn, reflect specialization in blue-collar production 

and operative occupations (Acemoglu and Autor, 2011, Matias-Cortés et al., 2016),  involve less 

complex social interaction and are particularly vulnerable to automation (Gonzalez Vazquez, et al., 
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2019). In addition, routine cognitive occupations are much more predominant in services while 

routine manual occupations are more frequent in the manufacturing sector (Fonseca et al., 2018). 

Some studies even demonstrate that both types of occupations have not followed the same evolution 

pattern: in the US the share of the population employed in routine manual occupations declines 

steadily over the entire 1979-2014 period. Meanwhile, the population share of routine cognitive 

employment increases between 1979 and 1989 and then declines steadily until 2014 (Matias-Cortés 

et al., 2016). In the UK, while a decline in routine employment is entirely driven by manual 

occupations, the share of routine cognitive employment did not increase in the private sector (Matias-

Cortes and Salvatori, 2019). 

We argue that a possible difference exists among workers in routine manual and routine cognitive 

occupations and that it relates to the skill composition that characterizes both types of jobs. Our 

hypothesis is that, while both routine cognitive and manual occupations are exposed to be replaced 

by machines due to the advance in technology -as some occupations are more susceptible of 

automation than others (Frey and Osborne, 2013)-, jobs requiring more social interactions and more 

skilled workers and, that is, those working in cognitive routine occupations, are less vulnerable to 

machinery adoption and can be easily reallocated to other tasks/jobs. In consequence firms do not 

necessarily exhibit outright job losses if they change their employment structure increasing the 

concentration on these occupations. However, those employees involved in manual occupations, 

traditionally with lower levels of education (Bessen et al., 2019) and lower skill levels will be more at 

risk of being displaced, generating a negative impact on firms’ labor.  

2.2 The effect of automotion on labor  

The potential for automation to displace workers is being taken seriously in recent labor market 

models where the industrial machinery and workers compete in the production of different tasks and 

technology changes the comparative advantage of workers across those tasks (Acemoglu and Autor 

2011; Benzell et al. 2016; Susskind 2017). From a theoretical point of view, on the one hand, greater 

penetration of technology into the economy affects wages and employment negatively because of a 

displacement effect (by directly displacing workers from tasks they were previously performing), 

while, on the other hand, the effect could be also positive because of a productivity effect (as other 

industries and/or tasks increase their demand for labor) (Acemoglu and Restrepo, 2017). In the case 

of salaries, various studies have indeed argued that technological progress has contributed to rising 

wage inequality in advanced countries during the past decades (e.g., Autor et al., 2003;  Autor and 

Dorn, 2013;  Goos et al., 2014).  
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The empirical evidence on the effects of industrial technology on labor shows, in fact, the same duality. 

Graetz and Michaels (2018) find that industrial robots have had positive wage effects and no 

employment effects across a panel of countries and industries; Acemoglu and Restrepo (2017) find 

that wages and employment have decreased in US regions most exposed to automation by robots, 

whereas Dauth et al. (2017) find evidence of positive wage effects and no changes in total employment 

in German regions. Other studies point out however that some differences emerge even at the sector 

level. In this regard, Mann and Püttmann (2017) find that automation increases jobs in services but 

decreases them in manufacturing. Gaggl and Wright (2017) desegregate sectors in a finer grain and 

find that ICT tended to raise employment in wholesale, retail, and finance industries, but had no 

statistically significant effect on other sectors, including manufacturing. Bessen and Righi (2019) 

demonstrate that jobs are lost in manufacturing, transport, and utilities while job growth following 

information technology shocks is robust in trade, services, and finance. Similarly, Bessen (2019) argues 

that technologically mature industries will tend to have lower elasticity of demand and, hence, a 

weaker or negative employment response.  

Some of the most recent literature puts the emphasis on the effect at firm-level. For example, Koch 

et al. (2019) find that robot adoption generates substantial output gains reducing labor cost share by 

5-7% points and leading to net job creation at a rate of 10% while revealing substantial job losses in 

firms that do not adopt robots. Bessen et al. (2019) conclude that automation at the firm increases 

the probability of workers separating from their employers and decreases days worked, leading to a 

5-year cumulative wage income loss of about 8% of one year´s earnings for incumbent workers. 

Alternatively, Akerman et al. (2015) suggest that internet technology increased the employment of 

skilled workers and had no effect on unskilled ones.  

What the majority of these studies have in common is the historical perspective, covering several 

decades that includes the most remarkable periods of industrial technology adoption in the 80s and 

90s and the internet adoption and web use in the early 00s (Brynjolfsson, 2000; Autor and Dorn, 2013). 

Following the work from Balsmeier and Woerter (2019) analysing the process of digitalisation in Swiss 

firms and its influence on job creation and destruction in 2015, we argue that current times are 

different as we are already living in the digital era where the penetration of technology is more stable. 

These authors find that increased investment in digitalisation is associated with increased 

employment of high-skilled workers and reduced employment of low-skilled workers, with a slightly 

positive net effect, results that are almost entirely driven by firms that employ machine-based digital 

technologies. This argument is in line with the vision from Bessen (2019) who argues that, although 

traditionally the manufacturing sector has been more at risk of job-loss because these firms 
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concentrate industrial machinery, the historical process of deindustrialization suggests that we are 

currently in a stabilization technological phase where manufacturing sector has less elastic demand 

than most other industries on average. In consequence, computer technology should have a relatively 

lighter negative impact, ceteris paribus, on employment in manufacturing industries. These arguments 

highlight the importance of understanding sectoral differences in the effect of technology on overall 

employment and wages nowadays.  

We put the emphasis on firms because they are the ultimate actors deciding to replace human labor 

with industrial machinery rethinking their strategies and business models to face all changes related 

to the digital transformation. For example, firms will need to plan their investments differently to ride 

the robotization wave. Even if the presumed technological advances materialize, there is no guarantee 

that firms would choose to automate; that would depend on the costs of substituting machines for 

labor and this will be related, among other things, to how much wages change in response to this 

threat. Second, new technologies’ impact on the labor market is dependent not only on where they 

hit but also on adjustments in other parts of the economy (Acemoglu and Restrepo, 2017).  The impact 

of digitalisation on transaction and information costs may then in turn inform fundamental 

organisational strategies for using “market versus hierarchy” solutions and redefine the 

vertical/horizontal boundaries of the firm (Afuah, 2003), while information processing, knowledge 

transfer, and resource sharing will call for debates about corporate roles and responsibilities for a new 

allocation of internal resource (Arrfelt et al., 2015). In this regard, literature in strategic management 

calls for firm-centred studies contributing to understanding how digitalisation drives changes at the 

business level (Loebbecke and Picot, 2015). 

 

3 Data 

The main source of information is the 2004 and 2011 Workplace Employment Relations Survey (WERS) 

(Department for Business Innovation and Skills, 2014). WERS is a linked employer-employee survey 

that provides nationally representative data on workplaces2 (35% of all workplaces) from all sectors 

of the economy, except agriculture and mining, in Great Britain with five or more employees3. The 

strength of the survey lies in the richness of data collected on workplace policies and practices and its 

                                                           
2 We use “firm” to identify “workplaces” as they are the unit of observation in WERS and are defined as an 
enterprise or part thereof situated in a geographically identified place. A workplace comprises the activities of a 
single employer at a single set of premises. More information about the survey can be found at 
www.wers2011.info  
3 Matias-Cortes and Salvatore (2019) have previously used WERS to test job polarization in the UK from the 
demand side perspective. They conclude that overall results using this survey are in line with authors using 
nationally representative UK Labour Force data (Salvatori, 2018) confirming that the exclusion of smaller 
workplaces does not undermine the reliability of the data. 

http://www.wers2011.info/
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structure as a longitudinal panel.4 The panel sample consists of 969 workplaces which had each been 

interviewed in the first wave of the survey in 2004 and followed up in 2011.5 WERS provides 

information in three different questionnaires that are linked through the anonymised code of the firm. 

The three questionnaires include: a) Employee profile questionnaire answered by managers of the 

firm including information on the occupational structure of the workforce, b) Survey of Employees 

including detailed information of employee personal characteristics, wages and occupations, and c) 

Financial output questionnaire featuring output measures of the firm.   

3.1 Measuring the job composition based on the firm´s routine exposure  

Following the literature (e.g. Acemoglu and Autor, 2011; Matias-Cortes and Salvatori, 2019) we 

delineate occupations along two dimensions based on their task content: “cognitive" versus “manual," 

and “routine" versus “non-routine." The distinction between cognitive and manual occupations is 

based on the extent of mental versus physical activity. The distinction between routine and non-

routine is based on the work of Autor et al. (2003). If the tasks involved can be summarized as a set of 

specific activities accomplished by following well-designed instructions, the occupation is considered 

routine. If instead, the job requires creativity, problem-solving, or human interaction, the occupation 

is non-routine.  

Using the employee profile questionnaire in which managers of the 969 firms included in the panel 

provides information on the employment structure of the workplaces, we cluster workers as either 

non-routine cognitive (i.e., managers and professionals), routine cognitive (like clerks), routine manual 

(i.e. machine operators) or non-routine manual (capturing low‐skill occupations such as cleaners and 

janitors) based on an aggregation of 1-digit Standard Occupation Codes.6 Additionally, to be in line 

with the literature and to guarantee the comparability of this study with other reference works, we 

create a unique measure of routine occupations where routine cognitive and routine manual jobs are 

grouped together.  

The main advantage of using a panel of firms is that we can capture changes in the patterns of 

specialization of the workplaces by looking at the distribution of occupations of their employees. 

Specifically, we are interested in knowing how much firms are specialized in routine jobs as they are 

particularly sensitive to technology adoption. To capture this change, we measure the firm´s 

                                                           
4 Panel weights are used throughout the analysis to account for the stratification of the simple and differential 
response rates.  
5 WERS 2011 additionally includes a refreshment sample of around 1,700 workplaces that are not taken into 
consideration for the analysis presented here as there is not previous firm information available.  
6 See Annex I.  
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routinization exposure as the change in the ratio of routine occupations in each workplace over the 

period 2004-2011, defined as 

∆𝑅𝑂𝑈𝑜𝑗 = 𝑅𝑂𝑈𝑖2011
− 𝑅𝑂𝑈𝑖2004

    (1) 

where for each firm j, ∆𝑅𝑂𝑈𝑜𝑗 is the change in the percentage of workers in routine occupation 

o={total, manual, cognitive} over total firm workers in the period 2004-2011. We use a relative 

measure (that is a ratio) of the routinization exposure because the job composition of the workplace 

is sensitive to firms size and this measure allows us to capture the concentration of the firm in routine 

jobs. 

One concern with this measure of routinization exposure is that observed changes in the share of 

routine occupations among total employees may in part reflect demand shocks in other occupations 

(i.e. other than routine occupations). In order to control for this, we include in our empirical models a 

variable that captures the occupation mix available in the firm (𝐷𝑆ℎ𝑜𝑐𝑘𝑜𝑗). 𝐷𝑆ℎ𝑜𝑐𝑘𝑜𝑗 is calculated as  

𝐷𝑆ℎ𝑜𝑐𝑘𝑜𝑗 =  ∑ 𝑆𝑜𝑗2004
𝑁𝐺𝑜𝑖𝜏𝑖     (2) 

where for each routine occupation o={total, manual, cognitive}, 𝑆𝑜𝑗2004
 is the employment share of 

occupation o (o≠routine occupations) in firm j at the beginning of the period and 𝑁𝐺𝑜𝑖𝜏 is the global 

5-digit industry employment growth rate in the same occupation o between 2004 and 2011. The 

occupation mix term captures the predicted growth rate of employment in the firm if all of its 

occupations (except routine occupations) grow at the industry rate. This is presumed exogenous to 

the modelled relationships because it uses the initial occupational composition of a firm and projects 

firm growth based on the industry growth rate, which is unlikely to be influenced by growth dynamics 

of a single firm (Tsvetkova & Partridge, 2016; based on Bartik, 1991). As routine occupations (ROU) 

have not been included in the occupations mix, we can compare the size of this variable’s coefficient 

to the occupation mix coefficient to ascertain whether an employment shock in middle-skill 

occupations has a different effect compared with an equally sized typical shock outside of the ROU 

occupations. We compute three different measures of the demand shock, a global measure of routine 

occupation mix as previously defined (DShock ROU), and two particular indicators for routine manual 

(DShock ROU MAN) and routine cognitive (DShock ROU COG) where the occupation mix term captures 

the predicted growth rate of employment in the firm if all of its occupations except routine manual 

and routine cognitive occupations respectively.  

3.2 Employment and wages at firm-level 

In line with the substantial literature on the effect of the digital transformation on local labor markets 

(Autor et al., 2003; Acemoglu and Autor, 2011; Acemoglu and Restrepo, 2018a,b,c; Benzell et al., 2016; 

Susskind, 2017), we use two measures of labor: employment and wages of the workers. Overall 
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employment at the workplace is measured through the number of employees in 2004 and 2011. This 

information is provided by the managers in the employee profile questionnaire and it includes 

information about the total number of employees per 1-digit occupation following the Standard 

Occupation Code (SOC, 2003). The variable capturing wages has been computed from the survey of 

employees. This survey provides information about a representative sample of employees in each 

firm. In this questionnaire, each employee answered the question “How much do you get paid for 

your job here, before tax and other deductions are taken out?”. A set of fourteen intervals with weekly 

(also yearly) earnings (from £60 or less to £1,051 or more) were provided in the survey and employees 

selected the one in which they fitted in. We have assigned to each employee the middle point of the 

selected salary interval as their average gross weekly wage and compared this value with the national 

average gross weekly earnings of full-time employees7 in the same 1-digit occupation and the 

correspondent year 2004 or 2011 (source: ONS). Subsequently, we have created a dichotomous 

variable with value 1 if the employee has a salary above the national average of wages in the same 

occupation and 0 if the salary is below this threshold. This allows us to calculate the percentage of 

employees in each firm whose salary is above/below the national average capturing firms paying 

employees wages above the market value. We call this variable “wage premium”.         

The change in the measures of labor in each workplace over the period 2004-2011 (∆𝐿𝑎𝑏𝑜𝑟𝑖𝑗) is 

defined as the first difference in i={employment, wage premium} over the period 2004-2011 for each 

firm j, divided by the average employees and salaries (respectively) across the two periods 2004 and 

2011.  

Table 1 describes the change in both measures by 1-digit industry classification. In terms of 

employment, firms in the construction, accommodation and transport and communication sectors 

have exhibited job losses, while mainly public administration, education, other business sectors, 

utilities, and manufacturing sectors have gain jobs. These results are in line with the changing patterns 

found in UK labor markets during the recession period (UKCES, 2014), except for the positive growth 

described for the manufacturing sector. This difference could be explained by the fact that a) we cover 

both, public and private firms in this study and b) small and medium firms (SMEs) are particularly 

vulnerable to financial crisis as 4 in 10 SMEs experienced a fall in employment during the recession 

period (Cowling et al., 2015) and an important fraction of small firms is omitted in WERS. On the other 

hand, firms in the utilities and financial sectors have significantly increased the number of employees 

whose salary is above the national average, followed by the manufacturing, transport and 

                                                           
7 ONS provides gross weekly earnings of full-time employees by trimester. We have used the average of the 
four periods in each year as the annual gross salary average. 
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communication and other community services sectors. All the rest (with the exception of the health 

sector that has almost not exhibited variation) have reduced the number of employees with salaries 

above the market value.  

[Insert Table 1 around here] 

3.3 Trends in routinization exposure and labor at firm-level 

Figure 1 plots changes in the job composition in the UK with our results suggesting that the labor 

market has exhibited the trademark characteristics of employment polarization. In particular, 

between 2004 and 2011, the growth of high-skill workers in non-routine cognitive (Non-routine COG) 

occupations (11.35%) and low-skill non-routine manual (Non-routine MAN) occupations (0.39%) 

contrast with the negative growth of more routine middle-skill (ROU) occupations (-5.21%). These 

findings go in line with the conclusions proposed by Salvatori (2018) as there is a substantial reshuffling 

of employment from middle to top occupations. The explanation provided by this author is that, in 

contrast to the US case, the UK has exhibited an important increment of the educational attainment 

of the population, contributing significantly to the most prominent feature of the polarization process 

in this country. The lower part of Figure 1 distinguishes the employment changes between routine 

occupations. In general, the highest job losses have been in routine manual occupations (-7.3%) while 

the negative change in routine cognitive occupations is smoother (-2.5%). 

However, some differences emerge across sectors. The secondary sector is the most affected by this 

polarization effect (5.66 and 148.2% growth in high and low skill occupations respectively and                      

-6.0% in routine occupations), while the change in the employment structure of the tertiary sector 

follows a smoother curve (12.06% and 0.39% positive growth in both extremes of the skill distribution 

and -5.98% decrement in middle-skill occupations). Taking into account the skill content of routine 

occupations, firms in the tertiary sector account for the highest decrease of routine cognitive jobs           

(-7.67%) while the secondary sector gains routine manual jobs (1.79%) and loses workers in cognitive 

jobs (-4.27%). 

[Insert Figure 1 about here] 

Figure 2 shows the relationship between firm’s routine exposure to routine occupations and our two 

measures of labor: employment and wages. A priori an increment in routine workforce positively 

correlates with outright employment (r=0.138; p=0.000) while does it negatively with wages (r=-0.041; 

p=0.201) at firm-level although only in the first case is significant (Figure 2 top graphs). However, when 

we distinguish between manual and cognitive routine occupations, some differences emerge (Figure 
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2 bottom graphs). Specifically, an increase in routine manual occupations positively correlates with a 

positive growth of overall employment (r=0.121, p-value=0.000), while there is no relation with wage 

premium (r=0.00, p-value=0.881). In the case of routine cognitive, there is no correlation with either 

employment nor wages (r=0.020, p-value=0.530 and r=-0.039, p-value=0.229 respectively).  

[Insert Figure 2 around here] 

4 Empirical results  

In the main empirical analysis, we estimate the impact of changes in routine exposure on labor at the 

firm level. The baseline regression specification8 is of the form, 

∆𝐿𝑎𝑏𝑜𝑟𝑖𝑗 =∝ +𝛽1∆𝑅𝑂𝑈𝑜𝑗 + 𝛽2𝐷𝑆ℎ𝑜𝑐𝑘𝑜𝑗 + 𝛾𝑋𝑗2004 + 𝑒𝑗    (3) 

where ∆𝐿𝑎𝑏𝑜𝑢𝑟𝑖𝑗  is the percentage change in the measurement of labor i={employment, wage 

premium} in firm j overtime period 2004-2011; ∆𝑅𝑂𝑈𝑜𝑗 is growth of routine exposure (in percentage 

points) for routine o={total, manual, cognitive} in firm j over period 2004-2011, as defined in (1); 

𝐷𝑆ℎ𝑜𝑐𝑘𝑜𝑗 is the occupation mix in firm j, as defined in (2); and 𝑋𝑗2004 comprises controls for other 

factors that may affect the capacity of a firm to grow, including both firm-level controls for production 

characteristics and industry-level information on technology investment measured at the start of the 

period. We add a number of additional establishment characteristics, namely firm status 

(public/private) and region (North East, Yorkshire and Humberside, East Midlands, East Anglia, South 

East, South West, West Midlands, North West, Wales). 

Regression models are computed using 2SLS and implemented using instrumental variables. Following 

previous literature (e.g. Autor and Dorn, 2013; Consoli and Sánchez-Barrioluengo, 2019) we adopt a 

strategy that uses the long-term pattern of employment specialization as reflected in the organisation 

of production across sectors. The instrumental variable is the percentage of routine occupations in 

each 1-digit industry in 1961, an unobserved and time-invariant attribute that captures the pattern of 

specialization in the UK before Thatcher labor market reforms took place in the 80s (Addison and 

Siesbert, 2000). The data source, in this case, is the Historic Census because this microdata 

disaggregates information of the labor force by industries and occupations. To compute the 

percentage of routine occupations in each industry we, first, assigned each occupation code name to 

one of the categories non-routine cognitive, routine manual, routine cognitive and non-routine 

manual; and second, we computed the share of routine occupations (total, manual and cognitive) on 

total employees by industry. Finally, we create a correspondence matrix1 that links 1-digit industry 

                                                           
8 This strategy using a standard model in differences have been frequently used in the literature (e.g. Autor et 
al., 2016; Balsmeier and Woerter, 2019). 
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codes in 1961 with those in 2004 used in WERS. In the first-stage regression of the value of the 

instrument on routinization exposure all the rest constant in the equation, the estimated coefficient 

is 18.34 and a p-value=0.010 with an F-statistic of 18.031 above the standard threshold recommended 

of ten (Stock and Yogo, 2005) which demonstrates the validity of the selected instrument. Finally, 

observations are weighted by sample design weights and the number of employees in the firm 

averaged over the start and end firm size. Standard errors are clustered on two-digit SIC industries.   

4.1 Baseline estimates  

Tables 2 and 3 give estimation results for equation (3) including all sectors (Panel A) and distinguishing 

between the secondary (Panel B) and the tertiary sector (Panel C). Table 2 focuses on overall 

employment while Table 3 includes the results for the wage premium. Model 1 (M1) presents 

regression specifications that include no covariates beyond the change in the employment structure 

and a constant term. M2 and M3 add control variables to address differences across firms and sectors. 

In particular, M2 includes the main independent variable capturing the occupation mix (DShock) and 

M3 controls for firm and industry characteristics at the beginning of the period to account for other 

potentially confounding factors that may affect firms’ labor. Specifically, characteristics of the 

workplace and the following controls have been added: share of production workers in the firm, a 

dummy variable capturing information on whether the establishment has adopted new technologies9 

and the technology intensity of the industry measured as the volume of real gross fixed ICT formation 

equipment (including computing and communication equipment).10,11 

Results for overall employment in Table 2 suggests a positive relation between the change in overall 

employment and the change in the routinization exposure for total ROU occupations. The results with 

the full set of controls for the stacked first differences of this output keeps the positive relationship. 

That is firms increasing their routine labor generate positive growth of the overall employment at the 

workplace. However, some differences emerge when the skill content of routine occupations is taken 

into account. Although none of the other results are significant, the signs in the coefficients differ 

suggesting a positive relation in the case of growth of the routine cognitive occupations while negative 

                                                           
9 Adoption of new technologies comes from the management questionnaire and takes the value 1 if the 
workplace has introduced or upgraded other type of technology different from computers and 0 otherwise.  
10 The source of information for the industrial technology intensity is the EU-KLEMS database, matched with 
WERS at 1-digit SIC code. 
11 Annex II replicates the complete model for all sectors including an additional control variable capturing the 
labour productivity of the firm, measured as the turnover per employee obtained in 2004. This information is 
included in WERS as part of the financial outputs questionnaire. Although this is a traditionally accepted 
measured of firm productivity (OECD, 2013) it is important to note that the sample size in these regression 
models is substantively reduced due to a large number of firms (around 50%) that do not report this information. 
Results remain in the same direction as the ones presented here (becoming even some of them significant) when 
changes in productivity of the firm are included as control in the equation.  
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in the case of routine manual jobs. Looking at each sector separately, in tertiary industries (Panel C) 

concentration in routine intensity has a job-creating effect while it does not generate job-losses in the 

case of industry. In fact, the industry sector increases the overall employment only when there is a 

positive growth of the most skilled routine workers; that is those with routine cognitive occupations.  

[Insert Table 2 about here] 

Table 3 presents the results of the effect of changes in the employment structure on premium wages 

and suggests that the industry is the most benefited sector (Panel B). In this regard, the more 

concentration of routine and routine manual jobs in the firm, the higher the percentage of employees 

with salaries above the market value. 

[Insert Table 3 about here] 

4.2 The role of technology in the relationship between employment structure and labor 

The adoption of technology at the firm level is one of the elements that has been considered as having 

a direct effect on the demand for different occupations or tasks within the firm (Bresnahan et al., 

2002; Akerman et al., 2015; Gaggl and Wright, 2017). In order to test the complementary or 

supplementary role of technology in the relationship between the job composition and firms´ labor, 

we distinguish between workplaces that are/are not technology adopters. We define a technology 

adopter firm as those workplaces answering ‘yes’ to the question “Over the past two years 

management has introduced or updated other types of technology different from computers”. In our 

sample, 56% of the workplaces are considered technology adopters in 2004.12,13   

                                                           
12 The question specifically distinguishes between the introduction/upgrading of computers and/or other 
technologies. When both types of technology are taken into account to define the variable, there is no high 
variability in the answers provided by the firm and the majority of them (80% of the firms) have introduced at 
least one type of technology. For that reason, technology adopters here only take into account the 
introduction/upgrading of non-computer technology.  
13 Taking into account that some authors consider this question to be too vague (Cortes and Salvatori, 2019), 
some robustness checks have been performed using an alternative measure of technology. In particular, firms 
have been clustered into two groups according to the sector´s investment in industrial technology. We define 
high industry technology investment as those firms part of the fifty percent of the industries with the highest 
increment in ICT investment between 2004 and 2011, while low industry technology investment includes those 
firms that are part of an industry whose investment in ICT is below the median during the same period. To 
compute the increment in technology investment we use the information about real gross fixed ICT formation 
equipment between 2004 and 2011 at the 1-digit industry level (source: EU-KLEMS). According to this indicator, 
wholesale and retail, hotels and restaurants, transport and communication, financial series, other business 
services and education are the sectors whit the highest investment in ICT (called “high technology investment”) 
in this period, while manufacturing, electricity, gas and water, construction, public administration, health, and 
other community services are the ones included under the category “low technology investment”. Annex III 
presents the results for these alternative models. In general terms, results remain constant with the ones 
presented here when the distinction between sectors and skill intensity of routine occupations is taken into 
consideration.  
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Using WERS data, Figure 3 shows the correlation between an increment in exposure to routine jobs 

and firms’ labor. This relationship is only significant in the case of overall employment, where the 

positive growth of routine exposure and the job-creating effect is even higher for those firms who 

adopted technology at the beginning of the studied period (Adopters: r=0.20, p-value=0.00; Non-

adopters: r=0.11, p-value=0.02). 

Table 4 and Table 5 include the results of the full model from equation (3) for overall employment and 

premium wages respectively when technology adoption of the firm is taken into account. 14 The results 

presented here remain significant even when the shocks in the occupation mix at the industry level 

are taken into consideration, as all models include the variable Dshock as main control variable (as 

well as all other control variables at firm and industry level).  

Results in Panel A of Table 4 confirm the importance of disentangling routine occupations, as its effect 

differ depending on the skill content of jobs. In this case, while in technology adopter firms, routine 

manual labor increases overall employment, the impact on non-adopters generates job-losses. On the 

contrary, there is no effect of routine cognitive occupations on technology adopters, while it is positive 

in the case of non-adopters. This general beneficial pattern of routine jobs is reproduced in the tertiary 

sector (Panel C), while some job-losses are evident in the secondary sector (Panel B). For those firms 

investing in routine jobs, mainly routine manual jobs, they have exhibited a reduction in total 

employment if this investment was not complemented by the adoption of technology. However, those 

places investing in technology and routine occupations (cognitive and/or manual) have seen an 

increment in the overall employment figures.   

Differences in technology adoption do not make substantial differences between the results 

presented in Table 3 and those presented in Table 5 in the relationship between changes in the 

employment structure and wages. As in the previous case, the secondary sector is the most benefited 

with a positive effect of routine and routine manual jobs on premium wages regardless of the adoption 

of technology (Panel B).  

[Insert Table 4 and 5 around here] 

 

 

 

                                                           
14 This full model does not include the dummy variable “introduction of technology in the firm” as this has been 

used to distinguish between technology adopter and non-adopter firms.  
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5 Summary and conclusions 

In spite of the widespread anxiety about job destruction driven by, among other things, technological 

change for workers in occupations highly vulnerable to automation, last scenarios invite to be less 

pessimistic about the impact of technology on jobs. The most recent estimations from OECD suggests 

that a sharp decline in overall employment is unlikely: while certain jobs may disappear (14% are at 

high risk of automation in OECD countries), others will emerge. Overall, employment has been growing 

because while technological progress makes some occupations obsolete, it also creates new jobs 

(OECD, 2019a). Similarly, conclusions from the European Commission’s report on the changing nature 

of work suggest that digital technologies do not simply create and destroy jobs: they also change what 

people do on the job, and how they do it (Gonzalez Vazquez et al., 2019).  

By unpacking differences in routine occupations and sectors, this paper articulates the convergence 

of two research strands in the digitalisation era through the analysis of current changes in the job 

composition of firms on two measures of labor (employment and wages). On the one hand, this study 

complements studies in labor economics by emphasising the occupation mix of the employment 

structure at firm-level. In particular, we capture the firm’s routinization exposure as a measure of the 

specialization of a workplace in routine tasks, assuming that they have a higher risk of replacing human 

labor triggered by the progressive spread of labor-saving technologies (Autor and Dorn, 2013). On the 

other hand, by developing a firm-centred study, this work provides insights into the strategic 

management literature on digitalisation driven changes at the business level (Loebbecke and Picot, 

2015). We expect that by gaining a thorough comprehension of how changes (increasing/decreasing) 

in particular occupations affect the workplace, managers could make better decisions when investing 

in technology to complement or replace human labor.  

The analysis makes several contributions. First, it highlights the importance of the understanding of 

the effect of digital transformation on labor at firm-level. While there is burgeoning literature on the 

relationship between technology and labor (Autor et al., 2003;  Autor and Dorn, 2013;  Goos et al., 

2014, Adermon & Gustavson, 2011; Dauth, 2014; Fonseca et al., 2018; Harrigan et al., 2016; Salvatori, 

2018), the majority of these studies put the emphasis on aggregate sectors and labor markets. There 

are a few recent exceptions that focus on the firm-level (Bessen, 2019; Bessen et al., 2019; Koch et al., 

2019; Autor et al., 2016). Our results confirm the worldwide phenomenon of polarization (OECD, 2017) 

taking place in the UK at firm-level as well, with a positive growth of occupations at both ends of the 

skill distribution (high- and low-skill occupations), while there is negative growth of middle-skill 

routine jobs. Routine occupations are then particularly interesting because these jobs are more 

exposed to replacement by automated processes (Bessen et al., 2019) and have been the centre of 
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the debate in the analysis of the impact of automation on employment and wages (Acemoglu and 

Restrepo, 2017).  

Second, the treatment of routine occupations as a whole hides the differences that emerge between 

cognitive and manual jobs. This work disentangles these middle-skill occupations and our results 

suggest that, while routine jobs are more at risk of being replaced by automated processes (Frey and 

Osborne, 2013), the effect of the firms’ routine exposure on the outright employment and salaries 

vary according to the skill content of these occupations. In general terms, the exposure to routine 

cognitive jobs does not generate outright job-losses and could even have a positive effect on overall 

employment in the firm. Routine cognitive tasks require more complex social interaction and are 

usually performed by high school and some-college workers (Bessen et al., 2019) whose skills and 

capacities become a valuable asset for the firm preventing from a negative impact on labor. On the 

contrary, firms concentration on routine manual tasks, most prevalent in production and operative 

positions, reflecting specialization in blue-collar production and operative occupations (Acemoglu and 

Autor, 2011, Matias-Cortés et al., 2016) and with lower levels of education, are more at risk of 

exhibiting a negative impact of overall employment and wages, mainly the first case, at firm-level.  

Third, the effect of routine exposure on labor has also a sectoral component. The historical process of 

deindustrialization suggests that the effect of automated processes has mainly affected negatively the 

secondary sector, not only because industries in this sector are more exposed to automated processes 

due to the higher concentration of routine tasks (Acemoglu and Rastrepo, 2017), but also because 

mature industries will tend to have on average lower elasticity of demand and, hence, a weaker 

or negative employment response (Bessen, 2019). In this regard, Mann and Püttmann (2017) find 

that automation increases jobs in services but decreases them in manufacturing. Our findings only 

partially confirm previous results. While the concentration on routine occupations has a job-creating 

effect in the tertiary sector, this does not necessarily imply job-losses within the secondary sector and 

could have even a positive effect on firms’ labor in the case of exposure to routine cognitive 

occupations. Although a priori it could seem contradictory, we explain this absence of job-losses in 

the secondary sector based on the time frame covered in our study under the digitalisation era. In 

fact, to better explain this we need to take into account how demand plays a key role to understand 

whether major new technologies will decrease or increase employment proposed by Besset (2019). 

According to his argument, there is a life cycle explanation for the inverted-U pattern of 

industrialization/deindustrialization seen in manufacturing employment. While the highest 

introduction of industrial machinery in firms took place in the 80s and 90s, this study covers the period 

2004-2011 where firms have moved along the life cycle towards maturity with less elastic demands 

and, in consequence, labor-saving technology has a weaker impact on employment nowadays. So, our 
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study is in line with the recent positive views on the impact of digitalisation on labor (OECD, 2019a; 

Gonzalez Vazquez et al., 2019; Balsmeier and Woerter, 2019; Bessen et al., 2019). 

Fourth, the role of technology is the last element of importance in the relationship between 

employment structure and firms’ labor. Although the UK is one of the OECD countries that have 

experienced the fastest growth in ICT use in the workplace over the past two decades, jobs are at a 

lower risk of automation than the OECD average (OECD, 2019b). Our results reconcile some of the 

differences highlighted in the literature revelling substantial job losses in firms that do not adopt 

robots (Koch et al., 2019), while Akerman et al. (2015) suggest that internet technology increased 

employment of skilled workers and had no effect on unskilled ones. In our case, results show that 

investment in the workforce without the appropriate technological adoption is not enough to 

generate positive impacts in the firm, specifically for the secondary sector. Our results suggest that an 

increment in less-skilled routine manual jobs in firms that have not adopted technology recently has 

a negative effect on overall employment. On the contrary, the adoption of technology complements 

the routine exposure of workplaces, and technology adopter firms increasing routine occupations 

raise outright employment as well. An investment in routine cognitive jobs is a safe bet factor because 

even in the absence of technology, routine cognitive firms raise overall employment. In the case of 

wages, technology does not play a particular role in the relationship between employment structure 

and wage premium employees.  

In addition to the managerial conclusions, the paper derives some policy implications as well. First, as 

some workers are more at risk of being displaced, it is important to keep workers constantly upskilled, 

retrained and adapted to emerging skill needs, even more taken into account the fast-changing jobs 

landscape. That is way the education systems should be updated in order to be able to adapt to the 

diversified amount of knowledge needed. Second, as digitalization is increasing the positive returns 

from firms to labour markets, it is important that those profits are also reflected in the income of the 

workers, something that this research is not properly capturing. Therefore, policies should guarantee 

a social transition needs to ensure that everyone benefits of technological advancements. 

In sum, this paper studies how UK firms have responded to the changes in their employment structure 

due to the digital transformation. While the scientific literature shows inconclusive statements about 

the impact of digitalisation on job creation and destruction, we highlight the importance of the skill 

content of middle occupations by showing that changes in routine manual and routine cognitive 

occupations affect differently firm’s labor. Using a UK employer-employee panel survey between 2004 

and 2011, our results suggest that while firms’ routine exposure may eliminate jobs in some cases, it 

creates jobs in others. The effect on salaries tends to be mainly unaffected. If unemployment is not 
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the main consequence of the current labor-saving technology because there is not only a job-creation 

and/or job-destruction phenomenon, this study opens up stimulating avenues for further research. 

First, this study is based on a panel of firms that are “survivors” to the financial crisis. Future analysis 

could take into consideration changes in the employment structure of a broader range of firms using 

administrative data in order to include survival rates characterizing periods of economic fluctuations. 

Second, a new policy challenge is to understand how jobs have changed, what the new tasks at hand 

are and how to make these transitions easier to workers. Third, if firms are already exhibiting an 

occupational transformation due to the adoption of technology, it could be interesting to understand 

how these changes in the nature and composition of jobs are affecting firms’ financial outputs such 

us productivity, value-added or their organisational and financial strategies. Finally, if there are 

specific jobs that require key attributes of human labor like sociability, creativity or full autonomy that 

are currently beyond the capabilities of the automated process (Gonzalez Vazquez, et al., 2019), this 

study opens up questions related to the role of digitalisation on firms’ innovation process, strategies 

and outputs.   
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Annex I. Classification of occupations 

Occupation Tasks Occupational 
group 

Managers, DIRECTORS and 
senior officials 

Planning, directing and coordinating resources to 
achieve the efficient functioning of organisations 
and businesses. 

NON-ROUTINE 
COGNITIVE 

professionals Practical application of an extensive body of 
theoretical knowledge, increasing the stock of 
knowledge by means of research and 
communicating such knowledge by teaching 
methods and other means. 

NON-ROUTINE 
COGNITIVE 

associate professional and 
technical 

Operation and maintenance of complex equipment; 
legal, business, financial and design services; the 
provision of information technology services; 
providing skilled support to health and social care 
professionals; serving in protective service 
occupations; and managing areas of the natural 
environment. 

NON-ROUTINE 
COGNITIVE 

administrative and 
secretarial 

Retrieving, updating, classifying and distributing 
documents, correspondence and other records held 
electronically and in storage files; typing, word-
processing and otherwise preparing documents; 
operating other office and business machinery; 
receiving and directing telephone calls to an 
organisation; and routing information through 
organisations. 

ROUTINE 
COGNITIVE 

skilled trades Apply specific technical and practical knowledge and 
skills to work with metal, textiles and wooden, 
metal, and other articles; set machine tools or make, 
fit, maintain and repair machinery and equipment. 

ROUTINE 
COGNITIVE 

caring, leisure, and other 
personal service 

Care of the sick, the elderly and infirm; the care and 
supervision of children; the care of animals; and the 
provision of travel, personal care, and hygiene 
services. 

NON-ROUTINE 
MANUAL 

sales and customer service Sell goods and services, accept payment in respect of 
sales, replenish stocks of goods in stores, provide 
information to potential clients and additional 
services to customers after the point of sale. 

ROUTINE 
COGNITIVE 

process, plant and machine 
operatives and drivers 

Operate and monitor industrial plant and 
equipment; to assemble products from component 
parts according to strict rules and procedures and to 
subject assembled parts to routine tests; and to 
drive and assist in the operation of various transport 
vehicles and other mobile machinery. 

ROUTINE 
MANUAL 

routine unskilled Using hand‐held tools and physical effort to 
construct and maintain buildings; drive and operate 
trains, motor vehicles, and mobile machinery. 

ROUTINE 
MANUAL 

Source: Task information from Standard Occupational Classification (ONS, 2010) and International Standard Classification of Occupations 

(ILO, 2012) 
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Annex II. Robustness check. The effect of routinization exposure on firm-level outputs controlling by workplace productivity.  

PANEL A. Employment 

 Total Manufacturing Tertiary 

∆ ROU 5.659*** 
  

-3.184***   3.923***    
[1.87] 

  
[0.50]   [1.08]   

Dschock ROU 0.000* 
  

-0.000***   0.000***   
 

[0.00] 
  

[0.00]   [0.00]   
∆ ROU MAN 

 
-1.206 

 
 -2.238***   0.405    

[1.35] 
 

 [0.61]   [0.74]  
Dschock ROU MAN  0.000* 

 
 -0.000   0.000***    

[0.00] 
 

 [0.00]   [0.00]  
∆ ROU COG 

  
1.487   4.086**   0.559    
[1.19]   [1.77]   [0.80] 

Dschock ROU COG  
 

0.000*   0.000***   0.000***    
[0.00]   [0.00]   [0.00] 

Observations 349 358 352 79 79 79 270 279 273 

PANEL B. Wage premium 

 Total Manufacturing Tertiary 

∆ ROU -3.27 
  

5.380***   3.923***    
[2.31] 

  
[1.45]   [1.08]   

Dschock ROU 0.000 
  

-0.000   0.000***    
[0.00] 

  
[0.00]   [0.00]   

ROU MAN 
 

2.046 
 

 3.601***   0.405    
[1.37] 

 
 [0.74]   [0.74]  

∆ Dschock ROU MAN  0.000 
 

 0.000   0.000***    
[0.00] 

 
 [0.00]   [0.00]  

ROU COG 
  

-2.081   -1.575   0.559    
[1.40]   [2.03]   [0.80] 

Dschock ROU COG  
 

0.000   -0.000***   0.000***    
[0.00]   [0.00]   [0.00] 

Observations 349 358 352 79 79 79 270 279 273 
Note: Significant results in bold. Each regression model captures the relative change in employment and wages at firm-level on the change of the firm routinization exposure. The relative change in employment is 

defined as the first difference in employment over the period 2004-2011, divided by the average number of employees across the two periods 2004 and 2011. The relative change in wages is defined as the first 

difference in wage premium over the period 2004-2011, divided by the average number of employees above the market salary across the two periods 2004 and 2011. M3 includes a set of firm and industry controls 

(share of production workers, introduction of technology in the firm, workplace characteristics and the industry technology investment). All models are weighted by the sample design weights and number of employees 

in a firm averaged over employees at the start and end of a period, and stand errors are clustered on 2-digit SIC industries. *p-value<0.1; **p-value<0.05; ***p-value<0.01. 
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Annex III. Robustness check. An alternative measure of technology adoption 

PANEL A1. Employment  
High tech. 

investment 
Low tech. 

investment 
High tech. 

investment 
Low tech. 

investment 
High tech. 

investment 
Low tech. 

investment 

∆ ROU 2.646*** -1.668 
    

 
[0.82] [1.95] 

    

Dschock ROU 0 0.000*** 
    

 
[0.00] [0.00] 

    

∆ ROU MAN 
  

0.749 -2.026 
  

   
[0.79] [1.50] 

  

Dschock ROU MAN 
  

0 0 
  

   
[0.00] [0.00] 

  

∆ ROU COG 
    

1.193 2.034      
[0.94] [1.43] 

Dschock ROU COG 
    

0 0      
[0.00] [0.00] 

Observations 565 365 573 380 572 374 

PANEL B1. Employment in Secondary sector  
High tech 

investment 
Low tech 

investment 
High tech 

investment 
Low tech 

investment 
High tech 

investment 
Low tech 

investment 

∆ROU 2.570*** -6.057*** 
    

 
[0.61] [1.43] 

    

Dschock ROU 0.00 0.00 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

2.429* -5.277*** 
  

   
[1.38] [1.40] 

  

Dschock ROU MAN 
  

0.001*** 0.00 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

2.809*** 5.027      
[0.79] [3.31] 

Dschock ROU COG 
    

0.00 0.000**      
[0.00] [0.00] 

Observations 42 129 43 130 43 129 

PANEL C1. Employment in Tertiary sector  
High tech 

investment 
Low tech 

investment 
High tech 

investment 
Low tech 

investment 
High tech 

investment 
Low tech 

investment 

∆ROU 3.361** 2.346*** 
    

 
[1.71] [0.59] 

    

Dschock ROU 0.00 0.00 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

1.446* 1.846** 
  

   
[0.79] [0.89] 

  

Dschock ROU MAN 
  

0.00 0.00 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

1.763 0.207      
[1.94] [1.16] 

Dschock ROU COG 
    

0.00 0.00      
[0.00] [0.00] 

Observations 465 294 471 309 471 303 
Note: Significant results in bold. Each regression model captures the relative change in employment at firm-level on the change of the firm 

routinization exposure. The relative change in this measure of labor is defined as the first difference in employment over the period 2004-

2011, divided by the average number of employees across the two periods 2004 and 2011. M3 includes a set of firm and industry controls 

(share of production workers, introduction of technology in the firm, workplace characteristics and the industry technology investment). All 

models are weighted by the sample design weights and number of employees in a firm averaged over employees at the start and end of a 

period, and stand errors are clustered on 2-digit SIC industries. *p-value<0.1; **p-value<0.05; ***p-value<0.01. 
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PANEL A2. Wage premium  
High tech. 

investment 
Low tech. 

investment 
High tech. 

investment 
Low tech. 

investment 
High tech. 

investment 
Low tech. 

investment 

∆ROU 1.671 4.974*** 
    

 
[1.75] [1.51] 

    

Dschock ROU 0.000 0.000 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

1.356 3.275* 
  

   
[1.54] [1.88] 

  

Dschock ROU MAN 
  

0.000 -0.000*** 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

0.39 -1.001      
[1.24] [1.72] 

Dschock ROU COG 
    

0.000 0.000      
[0.00] [0.00] 

Observations 565 365 573 380 572 374 

PANEL B2. Wage premium in Secondary sector  
High tech 

investment 
Low tech 

investment 
High tech 

investment 
Low tech 

investment 
High tech 

investment 
Low tech 

investment 

∆ROU 3.459*** 7.510*** 
    

 
[1.29] [2.27] 

    

Dschock ROU -0.001*** 0.000 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

3.207*** 7.192*** 
  

   
[0.76] [2.36] 

  

Dschock ROU MAN 
  

0.000 0.000 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

3.559 -9.852      
[2.76] [6.33] 

Dschock ROU COG 
    

-0.001*** 0.000      
[0.00] [0.00] 

Observations 42 129 43 130 43 129 

PANEL C2. Wage premium in Tertiary sector  
High tech 

investment 
Low tech 

investment 
High tech 

investment 
Low tech 

investment 
High tech 

investment 
Low tech 

investment 

∆ROU -1.055 1.563 
    

 
[2.42] [1.02] 

    

Dschock ROU 0.000 0.000 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

0.718 0.02 
  

   
[1.83] [1.53] 

  

Dschock ROU MAN 
  

0.000 -0.000*** 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

-1.245 0.961      
[1.70] [0.99] 

Dschock ROU COG 
    

0.000 0.000      
[0.00] [0.00] 

Observations 465 294 471 309 471 303 
Note: Significant results in bold. Each regression model captures the relative change in wages at firm-level on the change of the firm 

routinization exposure. The relative change in this measure of labor is defined as the first difference in wage premium over the period 2004-

2011, divided by the average number of employees above the market salary across the two periods 2004 and 2011. Columns 3 includes a 

set of firm and industry controls (share of production workers, introduction of technology in the firm, workplace characteristics and the 

industry technology investment). All models are weighted by the sample design weights and number of employees in a firm averaged over 

employees at the start and end of a period, and stand errors are clustered on 2-digit SIC industries. *p-value<0.1; **p-value<0.05; ***p-

value<0.01. 
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Table 1. Change in labor between 2004 and 2011 by 1-digit industry. 
 

Employment Wage Premium 

Mean SD N Mean SD N 

Manufacturing 18.32 48.64 117 6.51 141.15 118 
Electricity, gas and water 22.12 40.95 16 40.79 122.92 16 
Construction -4.87 52.73 43 -54.39 119.60 43 
Wholesale and retail 8.13 37.82 100 -35.84 141.44 100 
Hotels and restaurants -4.17 31.43 48 -10.80 89.37 48 
Transport and Communication -2.17 46.72 69 8.27 118.37 69 
Financial services 6.17 45.49 26 45.79 149.28 26 
Other business services 24.95 67.38 105 -10.61 148.31 105 
Public administration 30.43 80.51 91 -23.27 129.02 91 
Education 26.77 45.79 117 -6.18 128.52 117 
Health 18.51 52.56 187 0.34 138.00 190 
Other community service -1.47 43.57 64 5.08 113.41 64 

Note: Survey design weights applied. Employment refers to the increment in the firm size. Wage premium measures the 

number of employees in the firm whose salary is above the national average. 
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Table 2. The effect of routinization exposure on employment at firm-level.  
 

PANEL A. Employment  
M1 M2 M3 M1 M2 M3 M1 M2 M3 

∆ROU 4.227* 4.164* 5.427*** 
      

 
[2.23] [2.48] [2.04] 

      

Dschock ROU 
 

0.000 0.000 
      

  
[0.00] [0.00] 

      

∆ROU MAN 
   

-1.1 -1.183 -0.753 
   

    
[1.71] [1.80] [1.48] 

   

Dschock ROU MAN 
    

0.000 0.000 
   

     
[0.00] [0.00] 

   

∆ROU COG 
      

3.402 3.408 2.604        
[2.43] [2.49] [1.68] 

Dschock ROU COG 
       

0.000 0.000         
[0.00] [0.00] 

Observations 960 930 930 963 954 953 960 946 946  
PANEL B. Employment in Secondary sector  

M1 M2 M3 M1 M2 M3 M1 M2 M3 

∆ROU -2.268 -2.253 -0.398 
      

 
[2.75] [2.78] [2.05] 

      

Dschock ROU 
 

0.000 0.000*** 
      

  
[0.00] [0.00] 

      

∆ROU MAN 
   

-2.743 -2.935 -2.388 
   

    
[1.94] [1.98] [1.95] 

   

Dschock ROU MAN 
    

0.000 0.000 
   

     
[0.00] [0.00] 

   

∆ ROU COG 
      

3.925* 3.669** 5.329***        
[2.06] [1.73] [1.95] 

Dschock ROU COG 
       

0.000* 0.000**         
[0.00] [0.00] 

Observations 173 171 171 174 173 173 173 172 172  
PANEL C. Employment in Tertiary sector  

M1 M2 M3 M1 M2 M3 M1 M2 M3 

∆ROU 4.155*** 4.468*** 3.287*** 
      

 
[1.43] [1.59] [0.97] 

      

Dschock ROU 
 

0.000 0.000 
      

  
[0.00] [0.00] 

      

∆ROU MAN 
   

0.051 0.021 -0.143 
   

    
[1.07] [1.09] [1.25] 

   

Dschock ROU MAN 
    

0.000 0.000 
   

     
[0.00] [0.00] 

   

Diff ROU COG 
      

1.349 1.353 0.961        
[1.11] [1.12] [0.99] 

Diff Dschock ROU COG 
       

0.000 0.000         
[0.00] [0.00] 

Observations 787 759 759 789 781 780 787 774 774 

Note: Significant results in bold. Each regression model captures the relative change in employment at firm-level on the change of the firm 

routinization exposure. The relative change in this measure of labor is defined as the first difference in employment over the period 2004-

2011, divided by the average number of employees across the two periods 2004 and 2011. M3 includes a set of firm and industry controls 

(share of production workers, introduction of technology in the firm, workplace characteristics and the industry technology investment). All 

models are weighted by the sample design weights and number of employees in a firm averaged over employees at the start and end of a 

period, and stand errors are clustered on 2-digit SIC industries. *p-value<0.1; **p-value<0.05; ***p-value<0.01. 

  



29 
 

Table 3. The effect of routinization exposure on wages at firm-level.  

PANEL A. Wage premium  
M1 M2 M3 M1 M2 M3 M1 M2 M3 

∆ROU 0.765 1.095 1.125 
      

 
[3.53] [3.67] [2.98] 

      

Dschock ROU 
 

0.000 0.000 
      

  
[0.00] [0.00] 

      

∆ROU MAN 
   

2.891** 3.070** 2.783* 
   

    
[1.43] [1.50] [1.44] 

   

∆Dschock ROU MAN 
    

0.000 0.000 
   

     
[0.00] [0.00] 

   

ROU MAN 
      

-2.98 -2.996 -2.001        
[2.99] [3.07] [2.24] 

∆Dschock ROU COG 
       

0.000 0.000         
[0.00] [0.00] 

Observations 960 930 930 963 954 953 960 946 946 

PANEL B. Wage premium in Secondary sector  
M1 M2 M3 M1 M2 M3 M1 M2 M3 

∆ROU 6.218*** 6.232*** 5.768*** 
      

 
[1.42] [1.38] [1.57] 

      

Dschock ROU 
 

0.000 0.000 
      

  
[0.00] [0.00] 

      

∆ROU MAN 
   

5.321*** 5.764*** 7.141*** 
   

    
[1.27] [1.35] [1.68] 

   

Dschock ROU MAN 
    

0.000 0.000* 
   

     
[0.00] [0.00] 

   

∆ROU MAN 
      

-0.04 -0.042 0.464        
[1.40] [1.42] [1.12] 

Dschock ROU COG 
       

0.000 -0.000*         
[0.00] [0.00] 

Observations 173 171 171 174 173 173 173 172 172 

PANEL C. Wage premium in Tertiary sector  
M1 M2 M3 M1 M2 M3 M1 M2 M3 

∆ROU -0.297 -0.326 1.087 
      

 
[2.64] [2.78] [2.06] 

      

Dschock ROU 
 

0.000 0.000 
      

  
[0.00] [0.00] 

      

∆ROU MAN 
   

1.023 1.375 1.232 
   

    
[1.14] [1.19] [1.44] 

   

Dschock ROU MAN 
    

0.000 0.000 
   

     
[0.00] [0.00] 

   

∆ROU MAN 
      

-0.04 -0.042 0.464        
[1.40] [1.42] [1.12] 

Dschock ROU COG 
       

0.000 0.000         
[0.00] [0.00] 

Observations 787 759 759 789 781 780 787 774 774 
Note: Significant results in bold. Each regression model captures the relative change in wages at firm-level on the change of the firm 

routinization exposure. The relative change in this measure of labor is defined as the first difference in wage premium over the period 2004-

2011, divided by the average number of employees above the market salary across the two periods 2004 and 2011. Columns 3 includes a 

set of firm and industry controls (share of production workers, introduction of technology in the firm, workplace characteristics and the 

industry technology investment). All models are weighted by the sample design weights and number of employees in a firm averaged over 

employees at the start and end of a period, and stand errors are clustered on 2-digit SIC industries. *p-value<0.1; **p-value<0.05; ***p-

value<0.01. 
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Table 4. The effect of routinization exposure employment by technology adoption. 

PANEL A. Employment  
Technology 

adopters 
Non-

adopters 
Technology 

adopters 
Non-adopters Technology 

adopters 
Non-

adopters 

∆ROU 1.36 5.655*** 
    

 
[1.02] [1.84] 

    

Dschock ROU 0.000 0.000*** 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

1.383** -6.951** 
  

   
[0.66] [3.41] 

  

Dschock ROU MAN 
  

0.000 0.000*** 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

-1.902 4.794***      
[1.77] [1.58] 

Dschock ROU COG 
    

0.000 0.000***      
[0.00] [0.00] 

Observations 507 423 514 439 374 511 

PANEL B. Employment in Secondary sector  
Technology 

adopters 
Non-

adopters 
Technology 

adopters 
Non-adopters Technology 

adopters 
Non-

adopters 

∆ROU 2.566*** -3.777** 
    

 
[0.81] [1.87] 

    

Dschock ROU 0.000*** -0.000** 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

2.315 -3.201** 
  

   
[1.41] [1.48] 

  

Dschock ROU MAN 
  

0.000*** 0.001 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

3.427* 1.185      
[1.87] [1.27] 

Dschock ROU COG 
    

0.000*** 0.001**      
[0.00] [0.00] 

Observations 109 62 110 63 109 63 

PANEL C. Employment in Tertiary sector  
Technology 

adopters 
Non-

adopters 
Technology 

adopters 
Non-adopters Technology 

adopters 
Non-

adopters 

∆ROU 0.963 3.480*** 
    

 
[1.21] [0.97] 

    

Dschock ROU 0 0.000*** 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

0.865** -0.522 
  

   
[0.42] [2.41] 

  

Dschock ROU MAN 
  

0 0.000*** 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

-0.816 2.990***      
[0.72] [0.64] 

Dschock ROU COG 
    

0 0.000***      
[0.00] [0.00] 

Observations 398 361 404 376 402 372 
Note: Significant results in bold. Each regression model captures the relative change in employment at firm-level on the change of the firm 

routinization exposure. The relative change in this measure of labor is defined as the first difference in employment over the period 2004-

2011, divided by the average number of employees across the two periods 2004 and 2011. M3 includes a set of firm and industry controls 

(share of production workers, workplace characteristics and the industry technology investment). All models are weighted by the sample 

design weights and number of employees in a firm averaged over employees at the start and end of a period, and stand errors are clustered 

on 2-digit SIC industries. *p-value<0.1; **p-value<0.05; ***p-value<0.01. 
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Table 5. The effect of routinization exposure on wages by technology adoption. 

PANEL A. Wage premium  
Technology 

adopters 
Non-adopters Technology 

adopters 
Non-adopters Technology 

adopters 
Non-

adopters 

∆ROU 2.97 -3.701 
    

 
[2.04] [2.82] 

    

Dschock ROU 0.000 0.000 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

2.439** 0.249 
  

   
[1.19] [4.50] 

  

Dschock ROU MAN 
  

0.00 0.000 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

-2.398 -2.259      
[2.59] [2.52] 

Dschock ROU COG 
    

0.000 0.000      
[0.00] [0.00] 

Observations 507 423 514 439 511 435 

PANEL B. Wage premium in Secondary sector  
Technology 

adopters 
Non-adopters Technology 

adopters 
Non-adopters Technology 

adopters 
Non-

adopters 

∆ROU 3.572*** 6.428* 
    

 
[1.14] [3.43] 

    

Dschock ROU 0.00 0.00 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

5.781*** 4.436* 
  

   
[1.99] [2.54] 

  

Dschock ROU MAN 
  

0.000* -0.002* 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

1.45 2.582      
[2.86] [2.56] 

Dschock ROU COG 
    

0.00 -0.001*** 
     

[0.00] [0.00] 

Observations 109 62 110 63 129 109 

PANEL C. Wage premium in Tertiary sector  
Technology 

adopters 
Non-adopters Technology 

adopters 
Non-adopters Technology 

adopters 
Non-

adopters 

∆ROU 0.326 -1.296 
    

 
[2.11] [2.03] 

    

Dschock ROU 0.00 0.00 
    

 
[0.00] [0.00] 

    

∆ROU MAN 
  

0.716 -6.515 
  

   
[0.81] [4.95] 

  

Dschock ROU MAN 
  

0.00 0.00 
  

   
[0.00] [0.00] 

  

∆ROU COG 
    

-1.287 -0.235      
[1.24] [1.53] 

Dschock ROU COG 
    

0.00 0.00      
[0.00] [0.00] 

Observations 398 361 404 376 402 372 
Note: Significant results in bold. Each regression model captures the relative change in wages at firm-level on the change of the firm 

routinization exposure. The relative change in this measure of labor is defined as the first difference in wage premium over the period 2004-

2011, divided by the average number of employees above the market salary across the two periods 2004 and 2011. Columns 3 includes a 

set of firm and industry controls (share of production workers, workplace characteristics and the industry technology investment). All models 

are weighted by the sample design weights and number of employees in a firm averaged over employees at the start and end of a period, 

and stand errors are clustered on 2-digit SIC industries. *p-value<0.1; **p-value<0.05; ***p-value<0.01. 
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Figure 1. Employment polarization in UK (2004-2011) 

 

 

Source: Panel WERS 2004-2011. 

  

-8
-6

-4
-2

0
2

Secondary Tertiary

Percent Employment change

 ROU MAN  ROU COG



33 
 

Figure 2. Correlation between routine exposure and labor at firm-level 

 

 

 

 

 

 

 

 

 

 

 

Source: Panel WERS 2004-2011  
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Figure 3. Correlation between routine exposure and labor at firm-level by technology adoption 
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