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Abstract 

We review the impact of IT-enabled technological change on the Australian labour market. 
The main ways in which these new technologies can affect labour market outcomes are 
catalogued; and evidence on their impacts in Australia is assessed, with reference to four 
main labour market outcomes: (i) the total amount of work; (ii) the type of work and skills 
demanded; (iii) inequality; and (iv) the gig economy.  We conclude with discussions of 
policy implications and lessons.
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1] Introduction  
 
The times we live in are already being recognised as a significant era of technological 
innovation. Tracking using United States patent data identifies the period from 1985 as 
the third main wave of technological progress since 1840, a wave that is notable for 
‘revolutions in computing, genetics, and telecommunication’ (Kelly et al., 2021).   
 
As with earlier major waves of innovation, how developments in IT-enabled 
technological change will affect labour market outcomes has become a topic of on-going 
concern and debate.  Earlier waves of innovation were found to have substantial 
impacts on workers and jobs; even though contemporary commentary on the impacts 
often mixed a large portion of fancy with fact.1   
 
In this paper we review the impact of IT-enabled technological change on the Australian 
labour market.  We have three main objectives:  
• first, to provide a framework for organising thinking about how technological change 
is affecting the labour market;  
• second, to review available empirical evidence on the effects on labour market 
outcomes; and  
• third, to suggest policy implications and lessons. 
 
Several broad themes emerge from our review.  IT-enabled technological change is 
having a wide-ranging impact on the Australian labour market.   Considerable, ongoing 
and steady adjustment has been occurring, affecting: the tasks workers do, the types of 
jobs they are working in, their level of skills and the share of income they earn. But we 
find no evidence of any reduction in the aggregate amount of work. Nor is there 
evidence that IT-enabled technologies have thus far caused the pace of change in the 
labour market to accelerate. In fact, most of the labour market impacts attributable to 
IT-enabled technologies were happening well before the adoption of those technologies 
in Australia. IT-enabled technologies are therefore best seen as the latest stage in a 
sequence of technological developments that have been affecting the labour market for 
many years. We argue that public policy should seek to facilitate the adoption of new 
technologies; but at the same time address adjustment and distributional consequences 
that arise. 
 

 
1 Examples from earlier episodes include: replacement of hand-loom weavers by the power 
loom in the Industrial Revolution (Allen, 2018); the impact of steam power on mechanisation of 
manufacturing production in the late nineteenth century (Atack et al., 2019); and automation of 
telephone operation in the 1920s to 1940s (Feigenbaum and Gross, 2020). On commentary 
from earlier episodes: for the United States, see Autor (2015) and Mokyr et al. (2015); and for 
Australia, see Borland and Coelli (2017). 
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The paper is organised as follows. Section 2 describes the ways in which impacts of IT-
enabled technological change on the labour market are occurring. Section 3 assesses 
evidence on the impacts on the Australian labour market. Four main labour market 
outcomes are addressed: (i) the total amount of work; (ii) the type of work and skills 
demanded; (iii) inequality; and (iv) the gig economy. Section 4 evaluates policy 
implications of technological change and presents suggested lessons. Section 5 suggests 
main avenues for future research. 
 
 
2] How IT-enabled technological change can affect the labour market 
 
2.i] How production happens – total labour demand 
 
Over the past two decades, a new canonical model for studying the impact of 
technological change on the demand for labour has emerged (Acemoglu and Autor, 
2011; Acemoglu and Restrepo, 2018, 2020a; Autor, 2022). Core to the model is that a 
firm’s production depends on performance of a mass of tasks. Each task can be 
completed by workers of different skill levels (for example, low or high), by capital or by 
a combination of workers and capital. The firm chooses the method of production for 
each task that minimises cost. Table 1 provides two stylised examples of using different 
production methods: to complete a parcel delivery and a bank accounting task.  
 
Table 1: Two examples of production methods for tasks 

Production Method 1. Parcel delivery 2. Bank accounting 

Labour only On foot Paper and pen 

Labour and capital (1) With van With simple calculator  

Labour and capital (2) With van + technology for 
mapping quickest route 

With advanced computing 

Capital only Driverless (eg., drone)  

 
 
Adoption of new technology will affect a firm’s total demand for labour depending on 
the net impact of four separate effects: (i) displacement; (ii) reinstatement; (iii) 
augmentation; and (iv) productivity (real income) (Acemoglu and Restrepo, 2019; 
Autor et al., 2022; Autor, 2022). Table 2 summarises these effects and describes how 
they might manifest for the examples of parcel delivery and bank accounting. 2 
 

 
2 Evidence supporting a direct impact of new technologies on labour demand is provided in 
recent studies relating patent activity with displacement and reinstatement of labour: Autor et 
al. (2022); Webb (2020); Kogan et al. (2021). 



4 
 

Table 2: Impacts of adoption of new technologies on firm-level employment  

Type of effect Description 1. Parcel 
delivery 

2. Bank 
accounting 

Displacement Capital substitutes for 
labour in performing tasks 
(automation) 

Less delivery 
labour required as 
shift to more 
advanced delivery 
methods 

Less clerical 
labour required 
as shift to 
methods with 
calculation 
technologies 

Reinstatement Creation of extra tasks in 
which labour is preferred 
to capital 

Programming of 
drones 

Programming of 
software 

Augmentation Capital raises the 
productivity of labour 
doing complementary 
tasks 

Demand for 
labour to design 
online sales 
systems 

Demand for 
labour to analyse 
overall bank 
performance 

Productivity 
(Real income of 
consumers) 

New technologies lower 
firm operating costs which 
(if passed on to 
consumers) increases 
consumers’ real incomes 
which in turn can increase 
demand for firm output / 
demand for labour. 

Increase in 
demand for parcel 
delivery services 

Increase in 
demand for 
banking services  

 
 
Adoption of improved or new technologies, that enable a firm to use capital to 
substitute for labour in performing a task, causes displacement of labour, generally 
referred to as automation. At the same time, those or other new technologies can cause 
reinstatement of labour in production via the creation of extra tasks in which labour is 
preferred to capital.3 The demand for labour can also rise due to augmentation, where 
a new technology raises the productivity of labour in performing a complementary 
task.4 The final impact on labour demand when a firm implements new technologies is 
via a productivity (or real income) effect. New technologies lower a firm’s cost of 
operating and hence (where that cost saving is at least in part passed on to consumers) 
increase consumers’ real incomes. That in turn can increase demand for the firm’s 
output and therefore its demand for labour.   

 
3 For example, Boustan et al. (2022) show how adoption of computer numerical control for 
cutting and bending metal increased demand for high-skill technicians to instal and program the 
machinery and high-skill white collar workers to process the customised orders made possible. 
4 For example, Dillender and Forsythe (2022) document how the introduction of computers to 
white-collar jobs causes employers to redesign those jobs to include higher-level office 
functions and to demand higher-skill workers for those jobs. 
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The economy-wide change in the total demand for labour when a firm adopts a new 
technology is determined by: (i) the effect at the firm adopting the technology; and (ii) 
spill-over effects on other firms. Spill-over effects can be of two types. Firms competing 
in the same market with the adopting firm, which do not adopt the new technology, will 
not achieve cost savings that can be passed onto consumers. Hence, they may 
experience a fall in demand for their output and need to reduce their demand for labour. 
But firms in other markets may increase demand for labour due to increased spending 
on their output by consumers whose real incomes have risen (Goos, 2018). This effect 
will be intensified by the tendency for new spending to be directed towards income-
elastic services which are labour intensive (Baumol, 1967). An example in recent years 
is increased marketisation of services formerly home-produced: cleaning and gardening 
services; caring services; and meal production (Mandelman and Zlate, 2022). 
 
Evidence from studies of impacts of adoption of robots reveals all these forces at work.5 
The direct impact of robot adoption at firm-level is to displace (usually low-skill) 
workers doing routine tasks. Nevertheless, firms which adopt robots often experience 
an increase in total employment. Reinstatement and augmentation effects result in extra 
employment of other types of workers, such as high-tech and managerial. Lower costs 
following robotization bring a positive scale effect and can lead to reshoring of 
production activities. Economy-wide employment is negatively affected by spill-overs to 
non-adopting firms competing in the same product market as adopting firms, but 
employment at firms in other industries (such as business services) may increase due to 
robotization.   
 
2.ii] How production happens – demand for different types of labour 
 
Adoption of new technologies can affect a firm’s relative demand for different types 
of labour - for example, labour with different skill levels or varying capacity to perform 
specific tasks.  Several approaches have been applied to organize ideas about how this 
might happen. 
 
Early approaches focused on how new technologies would affect demand for labour by 
its skill level.  The theory of skill-biased technological change identified that where 
technological change raises the productivity of high-skill relative to low-skill workers in 
performing a set of tasks, substitution of high-skill for low-skill workers should follow 
(Bound and Johnson, 1992).  The theory of capital-skill complementarity also 
established an underpinning for a shift in demand towards high-skill workers.  Where 

 
5 Borland and Coelli (2022) review the recent empirical literature on labour market impacts of 
robotisation.  Key papers include: Graetz and Michaels (2018); Acemoglu and Restrepo (2020b); 
Adachi et al. (2022); Dauth et al. (2021); Humlum (2019); Bonfiglioli et al. (2020); Bessen et al. 
(2020). 
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capital and high-skill labour are relative complements, a decrease in the price of capital 
will cause capital deepening, which in turn will increase demand for high-skill relative 
to low-skill workers (Griliches, 1969). 
 
Of most recent importance, and of particular relevance for understanding the impact of 
IT-enabled technologies, has been the theory of routine-biased technological change.  
The theory proceeds from the insight that tasks which can be codified into a 
programmable set of instructions, defined as ‘routine’, are the most feasible to automate 
with IT-enabled technologies (Autor et al., 2003).6  Workers in routine jobs are then at 
greatest risk of displacement due to automation.  By contrast, workers able to perform 
non-routine tasks cannot be as easily substituted with capital, or may even benefit 
where new technologies create extra demand for their skills.   
 
The evolution of IT-enabled technological change to include advances in artificial 
intelligence (AI) has meant that the specific impacts of AI on the labour market are also 
increasingly being considered.  The most widely adopted approach interprets current 
applications of AI as substituting for human labour in tasks of prediction (Agrawal et al., 
2019, 2022).   
 
2.iii] Indirect effects on the labour market 
 
The effect of new technologies on the labour market extends well beyond its impact on 
employment.  Table 3 summarises some of these impacts and provides brief examples.   
 
Table 3: Indirect impacts of new technologies on labour market outcomes 

Impact Issue Example 

Job design What bundle of tasks make up a 
job? 

Fixed costs of learning to use a 
new technology increase 
returns to specialisation. 

What firms 
produce 

New types of output change the 
type of labour demanded. 

Shifting from producing 
typewriters to PCs requires 
different skills. 

Where firms 
produce 

New technologies are expanding 
the set of locations where work 
can take place.  

Increased opportunity to work 
from home and to supply 
services to remote locations. 

  

 
6 Autor et al. (2003, p.1283) define a routine task as ‘methodical repetition of an unwavering 
procedure’ that ‘can be exhaustively specified with programmed instructions and performed by 
machines.’ 
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How firms sell New technologies are lowering 
the cost for suppliers to sell to 
customers outside the 
geographic location where they 
are located.   

Retail sales via online supply 
versus bricks and mortar 
stores; Lower cost of access to 
international entertainment 
content (eg., sports) 

How labour 
markets are 
organised 

Platform-based work has 
created a new way for workers 
to connect to customers and 
employers. 

Creation of gig economy 
markets for supply of labour; 
Job-search websites for 
employers and employees to 
match 

Bargaining 
power  

New technologies may have 
changed market power of 
workers and employers.  

Increased concentration in 
online and platform-based 
markets may have raised 
employers’ monopsony power 

 
 
3] Impacts of IT-enabled technologies on labour market outcomes in Australia 
 
This section presents an overview of empirical evidence on the effects of IT-enabled 
technologies on the Australian labour market.  Four main labour market outcomes are 
considered:  
• the total amount of work;  
• the type of work and skills demanded;  
• inequality; and 
• the gig economy. 
Evidence from existing studies is reviewed; and we also report findings from new 
empirical analyses. 
 
3.i] The use of IT in production  
 
Rapid growth has occurred in the use of IT-enabled technologies in Australia in recent 
decades.  Figure 1a shows net capital stock of computers, software and electronic 
equipment from 1966 to 2022.  The use of computers and IT in Australia began to 
increase from the early 1980s, and then rose much more rapidly from the mid-1990s 
onwards.  Since the early 2010s, the pace of growth in the stock of software has 
increased further, while the stock of computers and peripherals has stabilised.  The 
share of the capital stock accounted for by computers and software has risen over time.  
In 1966 they were 4.1 per cent of the total net value of the capital stock of machinery 
and equipment, rose to 8.7 per cent in 1990, peaked at 11.1 per cent in 2001, and in 
2022 were 9.0 per cent.7   

 
7 Data from ABS, Australian System of National Accounts, Tables 56 and 69.  We define the share 
of computers and software in the net capital stock of machinery and equipment as the stock of 
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Figure 1b displays the stock of industrial robots in use from 1993 onwards.  The stock 
expanded slowly from the early 1990s to early 2000s, more quickly to the early 2010s, 
and has declined over the past decade. 
 
Figure 1a: Net capital stock of computers, software, and electronic and electrical 
equipment, Australia all industries, Current prices, 1966 to 2022 (June) 

 
Source: ABS, Australian System of National Accounts, catalogue no.5204.0, Table 69. 
 
Figure 1b: Stock of industrial robots in use in Australia, 1993-2021 

 

Source: International Federation of Robots (IFR).  

 
  

 
computers and software divided by the stock of machinery and equipment plus the stock of 
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3.ii] Total amount of work 
 
The recent wave of interest in IT-enabled technologies was initially focused on the fear 
that we might be about to see ‘the death of work’.  The nature and pace of take-up of IT-
enabled technologies, some believed, would cause a substantial decrease in the total 
amount of work available.8  Yet, there was little evidence at the time, and little evidence 
today, that this is happening. 
 
Figure 2 shows total annual hours worked per capita in Australia, from 1965/66 to 
2021/22.  This is a measure of the amount of work available on average for each 
member of the population in Australia.  Two definitions are used to derive the per 
capita measure: all population and population aged 15-64 years.   
 
The main impression is the relative constancy of annual hours worked per capita over 
the long run, with the only variation being cyclical ups and downs.  Certainly, no secular 
decline in annual hours worked is observed with the rise in application of IT-enabled 
technologies from the mid-1990s onwards.  The implication is that the displacement 
effect of technological change has been consistently offset by reinstatement, 
augmentation and productivity effects.9 
 
Figure 2: Annual hours of work per capita, Australia, 1965/66 to 2021/22 

 
Sources: See Borland and Coelli (2017, Figure 3).  
 

 
8 See Borland and Coelli (2017) for examples.  Frey and Osborne (2017) predicted in the early 
2010s that 46 per cent of jobs in the United States were at high risk of automation in the next 10 
to 20 years.  For a critique of their analysis, see Coelli and Borland (2019). 
9 Other factors – such as increased marketisation of services formerly produced by households 
(for example, caring and meal production) – may have also offset what would otherwise have 
been a negative effect of technology on total employment. 
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International evidence of offsetting effects of technological change on total employment 
is provided by Autor and Salomons (2018).  The study, using data for 28 industries in 19 
countries (including Australia) for 1970-2007, found that the negative displacement 
impact of technological change was more than offset during this period by productivity 
benefits (deriving from cheaper inputs from suppliers) and increased final demand. 
 
3.iii] Changes in demand for labour by task and skill 
 
How new technologies have altered demand for labour according to its ability to 
perform different tasks has been investigated by analysing the relation between 
changes in occupation-level employment and the degree of routineness of the tasks 
undertaken in those occupations.  Effects on workers with different skill levels, who 
have comparative advantages in completing different tasks, has been studied by 
associating skill with workers’ highest level of education attainment.   
 
3.iii.a] Changes in the demand for labour by task 
 
Empirical analysis of the impact of new technologies on the relative demand for labour 
to perform tasks that differ in their degree of routineness has used two main 
approaches (Autor, 2013).  The first approach distinguishes occupations based on 
whether they involve tasks that are primarily routine or non-routine.  Usually, 
occupations are split further according to whether they are intensive in cognitive or 
manual tasks.  This gives four possible categories of occupations: routine cognitive; 
routine manual; non-routine cognitive; and non-routine manual.  Changes in 
employment between these categories are compared to test how relative demand has 
shifted between occupations intensive in routine and non-routine tasks (Autor et al., 
2003).10  The second approach is to create a measure of the ‘routine intensity’ of 
occupations, based on descriptions of tasks in sources such as the Dictionary of 
Occupation Titles or O*NET (Autor and Dorn, 2013).  This allows changes in 
employment according to the degree of routineness of the tasks in an occupation to be 
tracked. 
 
We describe changes in the composition of employment in Australia using the first 
method.11  Figure 3a shows shares of total employment in the four occupation 
categories from 1986 to 2022.  The categories are constructed using employment in 4-
digit occupations. We classify the occupations into ten major occupation groups; and 
then assign those ten groups to the four occupation categories as shown in Table 4, 
following Acemoglu and Autor (2011).  Support for applying the classification for 

 
10 Recent research for the United States also finds substantial reallocation of labour from 
routine to non-routine tasks within detailed occupation categories – see Atalay et al. (2020) and 
Freeman et al. (2020). 
11 For an application of the second method, see Coelli and Borland (2016). 
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Australia is presented in Appendix Figure 1, which shows the relative intensity of 
abstract, manual and routine tasks in each of the four occupation groups.   
Figure 3b shows the annual per cent change in employment for the 10 major 
occupations ordered by skill level, over a longer period from 1971 to 2021.  The 
ordering of occupations by skill level follows Acemoglu and Autor (2011).   
 
 
Table 4: Classification of occupations by routine intensity 

 Routine Non-routine 

Cognitive Office / Administration 

Sales 

Managers 

Professionals 

Technicians 

Manual Production 

Operators / Labourers 

Protective service 

Food / Cleaning 

Personal service 

 
 
Figure 3a shows strong trends in the occupation composition of employment in 
Australia since the mid-1980s.  The share of employment accounted for by routine 
manual occupations has consistently declined, falling by 10.9 ppts from 1986 to 2022.  
The routine cognitive share was constant until the early 2000s, after which time its 
share decreased by 5.0 ppts.  The shares of employment in non-routine cognitive and 
non-routine manual occupations have both grown, by 12.3 ppts and 3.6 ppts 
respectively.  The rates of change in all occupation groups have been relatively constant 
from the mid-1980s onwards.  The main exception has been a slight acceleration in the 
shift towards non-routine cognitive employment from the mid-2000s, and then a rapid 
jump upwards in the initial phase of the COVID-19 pandemic, between 2019 and 
2020.12 
 
 
  

 
12 See also Heath (2020).  Hope et al. (2022) investigates changes in demand for digital skills.  
Skills in digital technologies and electronics are predicted to be the second most rapid area of 
increased demand from 2020-25, out of 29 clusters of skills.  Demand for skills in software 
orchestration/automation, AI and data analysis are predicted to be especially fast growing. 
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Figure 3a: Share of employment by type of job, Australia, 1986 to 2022 (August) 

 
Source: ABS, Labour Force Australia, Detailed, EQ08.  See Appendix Table 1 for assignment of 4-

digit ANZSCO occupations to the 4 occupation groups. 
 
 
Figure 3b reveals two main findings.  First, the trend in the composition of employment 
evident from the mid-1980s –from routine to non-routine employment - was already 
underway in the 1970s.  Second, the shift in the composition of employment has been 
associated with the phenomenon of ‘job polarisation’: a decrease in relative demand for 
labour to perform middle-skill jobs and increase in relative demand for labour in low-
skill and high-skill jobs (Coelli and Borland, 2016).  Evidence for job polarisation – using 
occupations to define skill - has also been found in Europe, the US, and Canada (Goos et 
al., 2009; Acemoglu and Autor, 2011; Green and Sand, 2015).13   
 

 
13 Comin et al. (2020) also suggests an income-based explanation for job polarisation. 
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Figure 3b: Per cent changes (annualised) in employment by occupation, 1971-
2021, Australia 

 
Sources: ABS customised tables, Australian Censuses, 1971–2021, occupations defined at four-

digit level prior to grouping, all employed individuals, excluding agricultural and 
military occupations. 

 
 
3.iii.b] Changes in demand for labour by skill 
  
The most common empirical method to analyse the impact of new technologies on the 
demand for labour by skill is the ‘Katz-Murphy’ approach (Katz and Murphy, 1992; 
Autor et al., 2020a).  With highest level of education attainment used as a proxy for skill, 
changes in the relative demand for labour by skill level are inferred from data on labour 
supply and earnings by education level, together with assumptions on the ‘production 
function’ for aggregate output.  Implied changes in the relative productivity of groups of 
high and low-skill workers – defined on the basis of their levels of education attainment 
– are interpreted as representing the effect of technological change. 
 
Application of the Katz-Murphy tests for Australia from the mid-1970s to late 1990s 
found a consistent increase in the relative demand for labour with higher levels of 
education, with the rate of increase probably accelerating gradually (Borland, 1999).   
In more recent research, Borland and Coelli (2023) apply the Katz-Murphy method to 
derive a series for the relative productivity of high-skill and low-skill labour in Australia 
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The implied impact of technological change on the relative productivity of high-skill 
versus low-skill labour is shown in Figure 4, for alternative elasticities of substitution.  
Technological change does appear to be skill-biased, with an upward trend across the 
period.  However, the rate of increase slows after 1996.  Using the middle value for the 
elasticity of substitution of 1.7, annual growth is 2.7 per cent up to 1996, and 2.0 per 
cent after that time.  
 
Figure 4: Implied log relative productivity term, 1981 to 2021 

 
Source: Borland and Coelli (2023). 
 
A similar slowdown in the rate of increase in relative productivity has been found for 
the United States.  Autor (2017) estimates annual growth of 2.8 per cent for 1962 to 
1992 and 1.8 per cent from 1992 to 2012 (using an elasticity of 1.6).  Other studies for 
the United States have put the turning point at 2000 (Valletta, 2016; Beaudry et al., 
2014).  
 
The finding of a slow-down in the growth rate of relative productivity of high-skill to 
low-skill labour is puzzling, given the usual presumption that high-skill labour and IT-
enabled technology are complements, and that technological change is ongoing.  
One possible explanation is that adoption of new IT-enabled technologies has slowed.  
Beaudry et al. (2014) suggest that maturation of the IT revolution, revealed in a large 
fall in investment in information-processing equipment and software after 1999, was 
responsible for a slowdown in the trend of rising demand for highly educated labour in 
the United States.  But Autor (2017) argues that the timing for this explanation is wrong, 
since the slow-down in relative demand happens in the United States in the early 1990s.  
This explanation also does not seem to fit the evidence on investment in IT equipment 
and software for Australia – with growth in such investment taking off in the mid-
1990s, just when the slow-down in the growth rate of relative productivities happened.   
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Perhaps an explanation may be related to productivity of low-skill workers rather than 
high-skill workers.  Changes in the composition of tasks undertaken by low-skill labour 
or adoption of new types of capital equipment for performing those tasks might have 
caused the productivity of those workers to rise, but this is only speculation. 
 
3.iv] Labour supply 
 
IT-enabled technologies are having an obvious effect on the skills required for work.  
The shift in composition of employment towards professional jobs has increased 
demand for workers with graduate qualifications.  This is reflected in a substantial 
increase in the share of the Australian population with a university or college-level 
qualification.  Figure 5 shows that the proportion of the population with Bachelors’ 
degrees or higher rose from 6 per cent in the early 1980s to over 30 per cent in the 
early 2020s.  It is also reflected in the types of skills sought, with development of 
analytic/cognitive, decision-making and management skills being paramount (Heath, 
2020; Deming, 2021).   
 
Figure 5: Share of population with Bachelors’ degrees or higher, 1982-2021 

 
Sources: Australian Bureau of Statistics, Education and Work, assorted tables. 
 
 
The relation between labour supply and new technologies can also be two-way, with the 
state of labour supply influencing the development of new technologies.  The theory of 
directed technical change specifies innovation and adoption of new technologies as 
depending importantly on labour costs, which in turn are influenced by labour supply. 
Acemoglu and Restrepo (2022), for example, argue that the pace of recent automation 
has depended on the age composition of the population, primarily a lack of middle-aged 
workers whose comparative advantage is performing routine-manual tasks. 
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3.v] Inequality 
 
Effects of new technologies on employment and earnings can translate into impacts on 
inequality.  Those impacts may be at various levels:  between capital and labour, 
between households; or within the workforce between individual workers doing 
different jobs.  This sub-section reviews evidence for Australia on the effects of 
technological change on: (i) labour’s share of income; and (ii) earnings inequality 
between workers. 
 
3.v.a] Labour share 
 
Labour’s share of income can be affected by adoption of new technologies either by 
impacts on employment or wages (or via effects on capital income since what is being 
considered is the share of total income).   A direct negative effect on labour income can 
occur where technology displaces labour or is capital augmenting (for example, 
Summers, 2013; Acemoglu and Restrepo, 2019).  Or a negative effect can be indirect, 
such as when a new technology increases an employer’s degree of monopoly or 
monopsony power (Autor et al., 2020b; Stansbury and Summers, 2020).  Potentially 
offsetting these influences is that IT-enabled technologies may lower the costs of 
organisation for unions or allow unions to run more effective campaigns for 
improvements in work conditions (Freeman, 2002; Jacoby, 2021). 
 
Figure 6 presents the labour share of income in Australia, from the 1960s to the present.  
Since the mid-1990s a steady decline in the labour share has occurred.  This followed a 
period from the mid-1980s to mid-1990s when the share had been relatively constant.  
The decline since the mid-1990s has attracted attention as potentially being due to the 
impact of new IT-enabled technologies.14   
 

 
14 The finding of a decrease in labour share from the mid-1990s is robust to alternative 
definitions– such as excluding imputed rental income from the capital share, restricting 
attention to the corporate sector, making the capital share net of depreciation or holding 
constant the adjustment for self-employment at its value in 1996-97.  See Trott and Vance 
(2018) and La Cava (2019) for further analysis. 



17 
 

Figure 6: Labour share of income, 1959-60 to 2021-22, Australia 

 
Notes: Labour share = Compensation of employees*Ratio of (employees plus self-employed) to 

employees/Total factor income (following Cowgill, 2013, Appendix A) 
Sources: (i) Compensation of employees and total factor income from ABS, Australian System of 

National Accounts, Table 46; (ii) Employees and self-employed: Available on request 
from authors.  

 
International research investigating the effect of IT-enabled technologies on the labour 
share emphasises the industry dimension, in particular the role of manufacturing and 
retail industries (Hubmer and Restrepo, 2021, p.3).  However, for Australia the industry 
pattern of changes in the labour share has been quite different.  Decreases in the labour 
shares in mining, construction, finance and insurance and professional, scientific and 
technical services mainly account for the decline in the overall share. This is apparent 
from the findings from a shift-share analysis of changes in the overall labour share, 
reported in Table 5.   
 
Of course, it is still possible that the application of IT-enabled technologies accounts for 
the decrease in labour share within these industries in Australia.  Both mining and 
finance have seen major investment in automation technologies over the past two 
decades (Heath, 2019; La Cava, 2019).  As well, industry-level analysis finds correlation 
between changes in labour share and variables proxying for the impact of technology: 
changes in software prices and market concentration.  However, there are reasons for 
being cautious about drawing conclusions from these correlations.15   

 
15 Other analysis has suggested globalisation or institutional factors may be important 
explanations for the decline in labour share in Australia; see Isaac (2018) and La Cava (2019).  
Also note that these correlations provide only a partial equilibrium perspective; and ignore 
general equilibrium adjustments such as changes in factor prices or in the relative supply of 
labour by skill (Grossman and Oberfield, 2022).  Autor et al. (2021) emphasise the need to take 
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Table 5: Sources of decrease in labour share of income, industry shift-share 
analysis, 1996-97 to 2021-22, Australia  

1996-97 to 
2021-22 

Ave(1994-95 to 1998-
99) to

Ave(2017-18 to 2021-
22) 

Total change -8.70 -5.94

i] Change in industry composition of factor
income

-3.49 -1.38

ii] Changes in share of labour income for
selected industries:
Mining -2.58 -1.63
Construction -0.49 -0.73
Finance and insurance services -0.66 -0.76
Professional, scientific and technical services -0.56 -0.70
Manufacturing +0.26 +0.56
Retail trade -0.44 -0.33

Sources: Labour shares by industry: ABS, Estimates of Multifactor Productivity, Table 14; Factor 
income by industry: ABS, Australian System of National Accounts, Table 46. 

3.v.b] Earnings inequality

Earnings inequality between individual workers in Australia has widened considerably 
since the mid-1970s.  Figure 7 shows growth in weekly earnings of full-time employees 
by position in the initial distribution of earnings.  Over the whole period from 1975 to 
2021, average annual growth for workers at the bottom decile was 0.65 per cent, less 
than half the 1.4 per cent growth for those in the top decile.  The series in the figure for 
disaggregated time periods make the point that, while the magnitude of wage growth 
has varied across time, increasing earnings inequality has occurred over the whole 
period.   

account of institutional factors as a mediating influence on how adoption of new technologies 
affects labour market outcomes. 
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Figure 7: Average annual per cent change in real weekly earnings, full-time 
employees, 1975-2021 (August) 

 
Source: Authors’ calculations from ABS, Employee Earnings, Benefits and Trade Union 
Membership, catalogue no.6310.0 (1975-2013); and ABS, Characteristics of Employment, 
Australia, Tablebuilder (2021).  Earnings adjusted for inflation using the CPI measure for all 
capital cities – ABS, Consumer Price Index, Australia, Table 1. 
 
 
Technological change, by increasing demand for high-skill relative to low-skill workers, 
can shift the composition of employment towards high-skill groups and cause earnings 
differentials to widen, both of which will increase earnings inequality.  The potential 
impact of technological change on earnings inequality has been investigated by using 
education attainment as a proxy for skill; with an alternative approach being to use 
occupation. 
 
In Australia, any impact of technological change on earnings inequality is not revealed 
by using education attainment as a proxy for skill.  Earnings differentials between 
education groups have tended to narrow since the mid-1980s (and especially in recent 
years), as rapid growth in the supply of workers with higher education attainment has 
offset growth in demand (Borland and Coelli, 2023).  Hence, this has not been a major 
source of increase in earnings inequality.   
 
By contrast, changes in the occupational composition of employment and in average 
earnings between occupations can explain one half of the growth in earnings inequality 
for males, and all of the increase for females, for the period from the mid-1980s to mid-
2010s (Coelli and Borland, 2016).  To a significant extent, the association of occupation 
with earnings inequality appears to be due to job polarisation, with an increasing share 
of the workforce in high-wage jobs and a decreasing share in middle-wage jobs. 
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Two points need to be made about the review of the impact of technological change on 
earnings inequality presented here.  First, since increases in earnings inequality pre-
date the adoption of IT-enabled technologies, to the extent that those technologies have 
been causing growth in earnings inequality since the mid-1990s, they are just the most 
recent in a sequence of technologies that have had this effect.  Second, explanations 
other than technological change exist for changes in earnings differentials between 
skills groups; for example, international trade and the impact of off-shoring. 
 
3.vi] Gig economy 
 
Central to debates about the future of work is how IT-enabled technologies are affecting 
job quality, with feared consequences being growing casualisation, lower job security 
and an increased risk of workers being exploited as independent contractors.  At 
present, there is little aggregate-level evidence of those fears being realised in Australia 
(Wooden, 2022).  Nevertheless, developments such as the creation of platforms for 
labour services have certainly brought new types of jobs and new types of working 
arrangements.  The phenomenon of gig work, associated with ride-share, food delivery 
and care services, is a prime example.16   
 
Gig workers have their services engaged online and on-demand, through platforms 
which intermediate and regulate the matching of workers to end-users, and usually 
perform the services offline (Baird et al., 2022; Vallas and Schor, 2020).  Advocates of 
gig work argue that it broadens access to employment and can increase flexibility in 
timing of labour supply.  Critics express concern that its location outside the existing 
regulatory framework for standard employment means gig economy workers are not 
adequately protected against exploitation. 
 
In Australia, a special purpose household survey undertaken in early 2019 by McDonald 
et al. (2019) found 7.1 per cent of survey respondents had offered to work on a digital 
platform in the past 12 months, although at the time of the survey only about 0.2 per 
cent were doing full-time gig work and entirely reliant on that source of income.17  The 
Household Income and Labour Dynamics in Australia (HILDA) Survey now also includes 
questions that allow digital platform workers to be identified (Wilkins, 2022).  In 2020, 

 
16 The new platform economy also includes e-commerce platforms and video streaming and 
content provision platforms.  Vallas and Schor (2020) identify distinct elements of platforms as: 
(i) a business model in which firms capture profits through digital intermediation; (ii) 
transformation of the employment relationship; (iii) supervisory affordances; and (iv) the 
spatial organisation of work. 
17 Other studies use a broader definition of gig work, based on alternative work arrangements 
(Mas and Pallais, 2020).  A common approach defines gig work as consisting of temporary help 
agency workers, independent contractors and on-call workers.  For Australia, these workers 
made up 14.0 per cent of employment in 2008 and 13.9 per cent in 2019.  For a general 
discussion of non-standard work in Australia, see Lass and Wooden (2020). 
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0.8 per cent of employed persons had engaged in that type of work in the past four 
weeks, for an average of 13.1 hours per week.  For about one-half of those workers, it 
was their main or only job.  Both studies find that gig work was concentrated in 
transport and food delivery, professional services and health care and social assistance  
 
Most knowledge on gig work is from analyses of specific markets; thus far primarily for 
Uber drivers.  Alexander et al. (2022) use administrative and survey data to describe the 
labour market for Uber drivers in Australia.  Uber drivers’ total hours of work and 
driving schedules exhibit substantial heterogeneity and week-to-week variation.  
Drivers are more likely to be using Uber to earn supplemental income than as their 
main source of income.  Drivers for whom Uber provides a supplemental source of 
income tend to have higher incomes after joining Uber and express above-average 
levels of job satisfaction.  By contrast, drivers who are looking for other work have 
lower incomes after joining Uber and express below-average levels of job satisfaction.  
Average hourly earnings (excluding commuting time and after costs) of Uber drivers in 
Sydney in 2018 were $23.65, about 25 per cent below the average for all casual 
employees in Australia.     
 
A major theme of analyses of gig work has been the trade-off between the benefits of 
flexibility and scope to earn extra income versus the costs of lack of standard minimum 
conditions.  Gig workers do appear to value the flexibility of being able to integrate 
work with other activities and to choose their timing of work.  For example, a majority 
of Uber drivers in Australia express a preference for flexible over fixed hours.  It is 
important to note, however, that in this regard they are very much a self-selected group, 
with recent studies finding that most workers do not place a high value on flexibility 
(Mas and Pallais, 2017).  The opportunity to earn extra income can also provide a 
benefit from gig work, especially where it is in response to onset of financial distress, 
and hence a way to smooth income.18  The main drawback of gig work is the worker’s 
status as an independent contractor.  The worker is not covered by a minimum wage 
and does not receive superannuation contributions or paid leave in case of illness.  
Other potential negative consequences from gig employment are that the individual 
doing the work may be trading off a short-term increase in income for a reduced 
likelihood of future employment (Jackson, 2019; Adermon and Hensvik, 2022); and in 
the case of Uber, other workers such as taxi drivers may suffer a decrease in business 
(Berger et al., 2019). 
 
  

 
18 Financial distress is a major motivation for drivers commencing with Uber in the United 
States (Koustas, 2019; Jackson, 2019).  
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3.vii] Summary and looking ahead 
 
Increased adoption of IT-enabled technologies – which in Australia can be dated from 
the mid-1990s - does not appear to have caused any decline in the total amount of work 
available in Australia.  Either that, or any negative impact of new technologies has been 
systematically offset by other factors.   
 
What adoption of those (and other) new technologies has done is to decrease demand 
for workers who undertake routine tasks and increase demand for workers able to 
perform non-routine cognitive tasks.  These trends extend back as far as the mid-1960s 
and have been relatively steady across the whole of that time.  Adoption of IT-enabled 
technologies is thus simply the most recent stage in a long-run process of automating 
routine tasks.19  Hence, this is a trend that is likely to continue.  In the future, it may 
involve higher-skilled jobs being automated (such as prediction tasks done by AI); but 
seems less likely at present to extend further into low-skill services jobs due to the 
difficulty of codifying those tasks and the importance of human contact.  COVID-19 is 
likely to have accelerated some impacts of technology, such as online selling, which has 
also brought a step-change in the composition of employment. 
 
The rising demand for workers to perform non-routine cognitive tasks has been 
associated with an increase in the relative demand for high-skill to low-skill labour.  
This in turn caused an increase in demand for workers with higher levels of formal 
education, such as university qualifications.  Since the early 1980s there has been a 
rapid expansion in the proportion of the Australian population with a Bachelors’ degree 
(or higher) qualification.   
 
The adoption of IT-enabled technologies also seems likely to have had consequences for 
the distribution of income.  In Australia there has been a relatively large decline in the 
labour share of income since the mid-1990s, which matches with the timing of take-up 
of IT-enabled technologies. Evidence of a causal link is, as yet, far from conclusive.  
Patterns of increase in earnings inequality between workers also accord with a shift in 
demand for labour towards higher-skilled workers.  New technologies will undoubtedly 
continue to create winners and losers; and continue to be a source of increased 
inequality. 
 
  

 
19 Squicciarini and Staccioli (2022) find that the share of labour-saving patents in total patents 
has been relatively stable over time ‘confirming that labour-saving goals behind technological 
innovation are not a new phenomenon, but rather a quite established one’ (p.6). 
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4] Lessons and policy implications 
 
4.i] Lessons for thinking about technology and the future of work 
 
Nothing is certain about the impact of new technologies on the future of work.  The past 
can usually give us a reasonable basis for forecasting, but it is never perfect, and every 
now and then radical changes do happen.  Take the example of the types of workers 
affected by technological change.  These days we are used to thinking that the impact of 
technological change is to cause low or middle-skill labour to be replaced with capital.  
A long-run perspective, however, shows that this was not always the case: During the 
nineteenth century the impact of new technologies was for high-skill labour to be 
replaced by a combination of machines and low-skill labour (Katz and Margo, 2014).  
Uncertainty about the impact of new technologies means that the best way to think 
about the future is in terms of possible scenarios, with some sense of what the 
probabilities of those scenarios might be; and to allow the scenarios and probabilities to 
evolve as we learn during each episode. 
 
Recognising the multiple ways that new technologies can affect labour market outcomes 
is important.  At times, commentary on new technologies has become dangerously 
focused on specific impacts, such as the total amount of work.  A broader consideration 
of likely impacts will always be more fruitful for properly understanding the 
consequences and hence forming priorities for policy making.  Equally important is to 
recognise that technological change is only one of several main drivers of the future of 
work.   Thinking about the future of work therefore needs to keep a balanced approach, 
giving due consideration to other drivers such as globalisation, demographics (for 
example, ageing population and increased female participation) and institutional and 
policy settings (for example, institutions for wage-setting and immigration policies). 
 
4.ii] Policy implications 
 
Policies directed to the labour market impacts of new technologies can be usefully 
constructed around four main objectives:  
 
• First, to facilitate the optimal level of adoption of new technologies to maximise 
average living standards: 
 
Technological change is the only long-term basis for productivity growth; and hence for 
growth in average real wages and material living standards (Productivity Commission, 
2020).  In general, therefore, it should be encouraged.  In the labour market, this 
involves ensuring that the workforce has appropriate skills to apply the new 
technologies; and preventing what might be unwarranted barriers to the 
implementation of new technologies.   
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Having a workforce with appropriate skills to apply new technologies requires an 
education and training system that allows students to acquire relevant skills; and scope 
for workers to reskill during their work careers.  Achieving this general policy objective 
is a task of considerable complexity.  Knowing what skills are needed for working with 
IT-enabled technologies is made difficult by those skills varying so much between jobs 
(from being able to use a laptop through to writing new software programs) and 
because forecasting future demand for jobs is never straightforward.  Even if the 
demand for digital skills can be charted, sufficient numbers of students must be 
attracted into education and training programs.  Ensuring that programs are designed 
to provide the skills required for available jobs is a further challenge.20   
 
A major potential source of barriers to implementation of new technologies is labour 
market regulations.  One example is where occupational licensing delays or prevents the 
adoption of new best-practice production methods (Bambalaite et al., 2020).   Another 
example is the impact of job security rules.  A recent study for Europe finds that 
unwinding of employment protection in the early 2000s caused firms to redirect 
innovation away from implementing labour-saving technologies towards product 
development (Manera and Uccioli, 2021). 
 
Using policy to achieve the optimal level of adoption of IT-enabled technologies may 
also involve ensuring that there is not over-adoption relative to the optimum.   Recent 
commentary on this issue has focused on how taxation policy may create a bias in 
production towards using capital relative to labour; so that the level of automation is 
greater than socially optimal (Acemoglu et al., 2020). 
 
• Second, to address adjustment issues that arise with adoption of new technologies: 
 
Displacement of workers by new technologies creates a twofold policy problem.  First, 
policy should facilitate the adjustment and re-employment of workers who lose their 
jobs due to technological change.  The disparate nature of technology-based layoffs (for 
example, by region and type of worker) makes this challenging.  An unwillingness to 
commit sufficient resources is also likely to have mattered.  The United States Trade 
Adjustment Assistance program provides a model for how a more intensive adjustment 
program can have positive impacts (Hyman, 2018; Osterman, 2020).  Second, there 
should be an adequate safety net for those who are temporarily or permanently 
disadvantaged by job loss due to new technologies.  Lancaster (2021) finds that real 
earnings are about one-third lower for workers in Australia in a year in which they 
experience a job loss, and that it takes four years for annual earnings to recover to their 
previous level.  Debate about the adequacy of existing income support payments in 
Australia, such as JobSeeker, is highly relevant in this regard (Australian Council of 
Social Service, 2020).  Others go further and suggest that technological unemployment 

 
20 See Autor et al. (2021, ch.4) for a review of current knowledge on optimal training programs. 
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is a reason for giving serious consideration to a universal basic income scheme 
(Garnaut, 2021, ch.8). 
 
• Third, to address distributional consequences: 
 
New IT-enabled technologies are changing the distribution of earnings among workers.  
At the top of the distribution, the rise in the share of earnings accruing to the top one 
per cent has been attributed (amongst other causes) to technology-based superstar 
effects.  At the bottom of the distribution, digital technology has allowed the 
development of labour markets (such as platform-based markets) outside existing 
regulatory structures without minimum standards for wages and working conditions.  
What is happening at the top of the distribution seems an issue for tax policy.  What is 
happening at the bottom may require regulation to bring new labour markets into the 
domain of existing regulations or specific interventions for those markets.   
 
• Fourth, to ensure new technologies are not compromising other labour market policy 
objectives: 
 
Monitoring of the impact of new IT-enabled technologies is needed to ensure that other 
labour market-related policy goals are not being compromised.  An example is the use of 
AI in hiring.  To the uninitiated the application of AI may seem a neutral way to judge 
talent.  But AI is driven by a human-designed algorithm which can embed 
discriminatory preferences, often in hidden ways (Broad, 2018, ch.9).   
 
AI algorithms may also yield discriminatory outcomes even without biases embedded 
by algorithm designers. AI may cause statistical discrimination whereby the algorithm 
bases outcomes on simple correlates of demographic groups. For example, the 
algorithm may base predictions on where people live rather than directly on race, but 
the two are often highly correlated (Duenez-Guzman et al., 2021). 
 
 
5] Future research 
 
It would be possible to write down a long list of topics relating to IT-enabled 
technologies and the labour market that it would be good to know more about.  Here we 
suggest four areas where we believe that further research would be especially valuable. 
 
• Mapping the digital economy: General frameworks for thinking about how IT-enabled 
technology is affecting the labour market, including types of skills needed by workers, 
have been developed and are continually evolving as new dimensions emerge.  Hardly 
developed at all, however, is a stocktake of the demand for different types of digital 
skills and the current supply of those skills in Australia; or a detailed sense of where the 
supply derives from (although Hope at al., 2022 begin this work).   
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• Studies using firm-level data:  The increasing availability of firm-level data in Australia 
(for example, BLADE) provides an opportunity to learn more about the microeconomics 
of how adoption of new technologies affects total employment, job composition and 
earnings.  Aggregate labour market trends in Australia that can be attributed to 
technological change are by now relatively well known.  But virtually nothing is known 
about the impact of new technologies within organisations. 
 
• Worker-level adjustment:  Very little is known about the dynamics of adjustment to 
technological change and the experiences of individual workers in that adjustment.  For 
example, when workers become displaced, what are their subsequent experiences in 
the labour market? Or if there is declining demand for labour to perform some jobs, 
what happens to workers whose skills would previously have made them suitable for 
those jobs?    
 
• Working from home:  A step-increase in the incidence of working from home in 
Australia, following the onset of COVID-19, now seems almost certain.  The scale of 
change, and the importance of this issue for productivity and worker satisfaction, mean 
that it would be good to know much more about working from home in Australia.  While 
studies have tracked its incidence, we still have nowhere near the depth of information 
about specific details and implications as in other countries (especially the United 
States).  Knowing this information seems important for assessing how policy may need 
to evolve to facilitate adjustment and protect minimum job standards for workers.  
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Appendix Table 1: Classifying 4-digit ANZSCO occupations into Table 4 categories 

Figure 3a category Figure 3b category ANZSCO codes 

Non-routine 
cognitive  Managers 1000-1499 

 
Professionals 2000-2726 

 
Technicians 3000-3132, 3993, 3995 

Routine manual Production 3200-3424, 3600-3900, 3920-3992,  
3994, 3996, 3999, 5612 

 

Operators/Labourers 5612, 7000-8000, 8210-8419,  
8900-8990, 8992-8995, 8999 

Routine cognitive Office/Administration 5000-5611, 5613-5999 

 Sales 6000-6399, 8997 

Non-routine manual  Protective service 4400-4422, 8991 

 

Food/ Cleaning 3510-3514, 4310-4319, 8110-8116,  
8510-8513, 8996 

 
Personal care 4000-4234, 4500-4524 

 
 
 
Appendix Figure 1: Characteristics of occupation groups, percentile deviations 
from median 

 
Note: Average DOT percentiles constructed using 1986 employment weights. Excludes 

agriculture and the military.  
Sources: Employment weights from ABS, 1986 Australian Census. Characteristics constructed 

from US Dictionary of Occupational Titles 1977.  
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