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Does technological change destroy or create jobs? This question is subject to a longstanding debate and has been investigated in many empirical
studies. New technologies may replace human workers, but simultaneously
reinstate new jobs if workers are needed to operate these machines or if new
fields of economic activity emerge. Further, technology-driven productivity
growth may increase disposable income, which stimulates a demand-induced
expansion of output which creates additional employment. In this article, we
systematically review the literature on the nexus of technology and employment in the post 1980s to synthesize the empirical knowledge of these three
effects. We distinguish five types of technological change (ICT, robots, innovation, productivity, other). The majority of studies supports the two labor
creating effects, i.e. the reinstatement and real income effect. A somewhat
smaller number of studies supports the replacement effect. We conclude
that, according to the literature, the labor saving effect of technology is
more than offset by compensating mechanisms. This holds for most types of
technologies. Nevertheless, this review highlights that especially low skilled,
production, and manufacturing workers have been adversely affected by technological change, and effective up- and reskilling strategies should remain at
the forefront of policymaking along with targeted social support systems.
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1 Introduction
Concerns that automation and technological advancement will make human labor obsolete is not a recent phenomenon. Already during the first Industrial Revolution, the
adoption of power looms and mechanical knitting frames gave rise to the Luddite movement. The Luddites protested against disruptive technology by destroying textile machinery out of fear of job loss and skill obsolescence. The idea that technological change
can render many workers redundant, at least in the short run, has been supported by influential economists like Karl Marx and David Ricardo in the nineteenth century (Marx,
1988; Ricardo, 1821). Others, such as Thomas Mortimer, believed that machines could
displace labor more permanently (Mortimer, 1772). More recent concerns about massive
job losses (Smith and Anderson, 2017) stem from improved computing power, decreasing
costs and advances in machine learning and robotics (Brynjolfsson and McAfee, 2014).
The current debate on the labor market impact of technological change has also been
fed by a number of influential studies predicting the extent to which jobs are susceptible
to automation (Arntz et al., 2017; Frey and Osborne, 2017; Nedelkoska and Quintini,
2018).
Although there is little evidence that automation has led to widespread unemployment over the centuries, job losses due to technological progress have been significant.
Indeed, most technologies are designed to save labor, i.e. to replace human workers
by machinery. Where tractors were introduced to substitute mechanical power for human musculature, assembly lines replaced human handiwork by machine-consistency.
As the price of computing power has fallen in recent decades (Nordhaus, 2007), computer assisted technologies have increasingly displaced workers in performing explicit
and codifiable tasks.
However, economic theory points out that several compensation mechanisms can indirectly counterbalance the initial labor saving impact of new technologies (e.g. Vivarelli,
2014; Acemoglu and Restrepo, 2019). First, technological change can increase the demand for labor by creating new jobs that are directly associated with the new technology.
This mechanism is also referred to as the reinstatement effect. Second, technology can
also increase the demand for labor through the demand side. Technological progress is
generally expected to boost productivity, which in turn can lead to lower production
costs and lower consumer prices. It can also raise the marginal product of labor and
capital, and subsequently increase relative wages and returns to capital. All of these effects contribute to a rise in real income and if demand is elastic, and positively responds
to increases in income and decreases in prices, we would expect to observe an increase
in aggregate output.
The objective of this paper is to offer an empirical basis for the policy and scientific
debate about the employment impact of technological change in developed countries. We
do this by means of a systematic review of the literature. To offer a complete picture
of the technology impact on employment, we synthesize the empirical evidence by the
mechanisms through which technology can either decrease or increase the demand for
labor.
Our study is not the first to review the existing evidence on the effect of technology
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on employment, but our systematic approach covering 127 studies contributes in several
ways: First, most reviews are narrative which may be subject to the authors’ bias
(Bruckner et al., 2017; Brown and Campbell, 2002; Calvino and Virgillito, 2018; Goos,
2018; Mondolo, 2021; Vivarelli, 2014). Second, earlier studies that provide systematic
reviews of the literature focus on short periods of time (1980-2013 for Ugur et al. (2018),
2005-2017 for Balliester Reis and Elsheikhi (2018), 2000-2021 for Perez-Arce and Prados
(2021)), while our review covers 33 years from 1988-2021. Third, in contrast to Ugur
and Mitra (2017) who synthesize the evidence on technology adoption on employment
in less developed countries, we focus our review on developed countries assuming to
capture the impact of the technological change at the frontier. Fourth, while most
earlier reviews restricted their analysis to specific types of technology, we analyze how
employment effects differ across alternative types of technological change. In particular,
we distinguish between five broader categories of technological change measured by (1)
ICT and (2) robot diffusion, (3) innovation surveys, (4) productivity growths, and (5)
various alternative indicators. Fifth, to be as inclusive as possible, we do not limit
our analysis to specific measurements of employment. Although evidence from different
models (e.g. derived labor demand, skill/wage share, and decomposition analyses) do
not necessarily yield comparable estimates, they are informative about the direction of
the employment effect.
The findings of our systematic review can be summarized as follows. A somewhat
larger number of studies finds support for the labor creating mechanisms of technological
change than for the labor saving channel. For most types of technology, we find that the
number of studies supporting the replacement effect is roughly balanced by the number
of studies supporting the reinstatement and real income effect. Only for studies that
rely on innovation as a measure of technology, the employment impact seems to depend
on the type of innovation. The empirical evidence suggests that product innovation is
mostly labor creating, while the evidence concerning the employment impact of process
innovation is somewhat inconclusive. It is important to note that the real income effect is
difficult to analyze as it requires studies to examine technology-labor interactions while
simultaneously taking the productivity and wealth effects of technology into account. In
fact, only a small number of studies allow us to draw more definitive conclusions on the
real income effect. Hence, although we find more support for the labor creating effects
of technological change, we are careful in concluding that technology has a positive
effect on net employment. However, we do safely conclude that the labor replacing
effect of technology is more than offset by a range of compensating mechanisms. Hence,
there does not appear to be an empirical foundation for the widespread anxiety over
technological unemployment.
This paper is structured as follows. Section 2 presents the conceptual framework and
discusses the mechanisms through which technological change can increase or decrease
the demand for labor. In Section 3, we discuss our methodology and Section 4 presents
the results. Section 5 discusses the findings and Section 6 concludes.

3

2 Conceptual framework
The interactions between technological change and labor are complex. In this study, we
rely on a three-stage framework to analyze the empirical evidence on the labor market
effects of technology. The three stages are mechanisms on how technology interacts with
labor, that become increasingly complex and indirect.
Before outlining this framework, a note on our interpretation of technology needs
to be made. In this research, we rely on a very generic understanding of technology:
Technology is the capability to transform a given set of inputs into outputs, and technological change happens when the quantity and/or quality of inputs or outputs change
(Saviotti and Pyka, 2013; Ruttan, 1959). For example, new technologies may make
production processes more efficient which enables a firm to produce the same good with
a lower amount of labor or material inputs. It can be also reflected in the outputs when
technologies enable a firm to bring a new product to the market.
How does this interact with labor? Here, we focus on three key mechanisms on how
technological change affects the demand for labor. These mechanisms are incrementally
more indirect.
To illustrate these mechanisms, let us introduce a stylized model. A very generic
production function is give by:
Q = AQ f (AL L, AX X)

(1)

where Q is an output good measured in prices, L is the amount of labor that is used
in combination with other inputs X to produce Q. Other inputs can be capital goods,
material and intermediate inputs, or different forms of labor (e.g. different occupations
or differently skilled workers). The parameters AL , AK , and AQ represent the production
technology. Generally, the production function is non-decreasing in its arguments AL ,
L, AK , and K: a higher level of technology or production inputs leads to an increase in
the value of output Q. Technological change may enter in different forms, changing the
levels of AL , AX , and/or AQ .

2.1 The replacement effect
The most direct impact of technology on employment is the so-called “replacement
effect”. This effect occurs when the adoption of a new technology enables a firms to save
labor inputs for the production of a given quantity of output.
In the stylized model above, replacement happens if AL increases and Q is constant,
i.e. dQ = 0. This means that less labor is used but everything else remains equal.
However, not every type of technological change leads to an increase of AL , and even if
technological change increases AL , it only replaces labor if output Q does not expand to
a sufficient extent.
Other forms of technological change can lead to an increase in AX which means that
the same amount of output can be produced with lower input requirements X. An
example for an AX -increasing technology is a technology that helps save energy in the
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production process. Technological change may also lead to an increase in AQ which
increases the value of output Q while keeping the input requirements constant. An
example is a product innovation such as the introduction of a new design. This enables
a firm to bring a new and more valuable product to the market while not changing it’s
input requirements.1
Empirically, it is challenging to measure whether or not technological change is labor
replacing. Whether or not it is may be heterogeneous across industries and occupations,
and often it is difficult to measure this at a sufficiently granular level. Moreover, different
forms of technological change may be interdependent: for example, the introduction of
a product innovation may require other skills of workers making previous product lines
and the workers who produced these lines redundant. It may also be that labor saving
technological change does not lead to layoffs, but those employees that are no more used
to produce Q find other useful tasks within the same firm.
In this research, we critically evaluate and systematize the empirical evidence to find
out whether or not technological change since the 1980s had been labor-replacing, i.e.
whether or not technological change has increased AL .
In the literature, we identify various indicators that allow to draw conclusions about
the existence of the replacement effect. At all levels of analysis (macro, meso, micro,
regional, other), changes in employment are one key indicator: Empirical support for
the replacement effect exists if we observe a technology-induced decrease in employment
in those firms and industries where the technology is used. Measures of employment
include the employment rate, number of workers, hours worked, and the labor share
of income even though the labor share is only indicative, but not sufficient to provide
evidence for the labor saving impact of technology. Moreover, a number of studies at
different aggregation levels examines changes in the relative employment of different
occupational groups which we also consider as support for the replacement effect. For
example, a technology-induced increase in the ratio of high over low skilled labor use
may indicate the replacement of certain types of labor. We consider this as supporting
evidence for the replacement effect, even though we acknowledge that technology-induced
changes in the relative demand for labor are not sufficient as evidence for replacement.2
We also interpret micro (worker or firm) level studies that assess the relationship between the type of tasks performed by workers (some are more susceptible to automation
than others) and the likelihood of being displaced as indicative for the replacement effect. If the likelihood that certain jobs displaced increases in response to technological
change, technology may have contributed to the obsolescence of these occupations if
they can be replaced by machinery.
Another indicator of the replacement effect are changes in the elasticity of substitution
of labor and capital or other inputs X. Technological change may alter this elasticity.
1

Note that it would be irrational for a firm to introduce a product innovation if it does not increase
its value of output.
2
For example, technology-induced changes in the relative demand for low skilled labor at the aggregate
level, do not necessarily mean that labor was replaced. It may be that technological change enabled
the emergence of a new industry that uses differently skilled labor. This may induce a shift in the
relative demand, but in absolute terms not a single worker was replaced by machinery.
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A technology-induced increase in the elasticity indicates that technological change has
improved the technological possibilities to replace labor by other inputs. We interpret
this as supporting evidence for the replacement effect.

2.2 The reinstatement effect
The reinstatement effect is the next indirect effect of technological change. It occurs
if the adoption of new technology induces new jobs that are directly associated with
the new technology, regardless of whether or not technological change happens via AL ,
AX , or AQ . Generally, a pre-condition of the reinstatement effect is an increase in Q,
otherwise technological change would be only input saving even though the effects may
be heterogeneous across different groups of employees.
For example, an input saving (AL or AX ) may induce the creation of new jobs within
the same firm for technology maintenance. A firm may also start supplying new customer
services that became affordable due to the introduction of an input saving technology
or necessary if a new technology AQ changes the quality of the output Q. For instance,
the introduction of computers at the workplace creates new tasks, such as those related
to programming, the maintenance of soft- and hardware, and data management. Dependent on the level of aggregation, the reinstatement effect also refers to jobs created
up- or downstream the supply chain, i.e. jobs associated with the production of X. For
example, the suppliers of capital or intermediate inputs required to operate the new
technology may increase their demand for labor if X is increasingly used. Also downstream customers of the technology adopting firm may start offer new services along
with the product produced with new technology. Hence, the reinstatement effect exists
if ∂L/∂A > 0 for any A = AL , AX , AQ .
Here, we screen the empirical literature whether or not it provides supporting evidence
for the existence of this effect. Again, the empirical measurement of the reinstatement
effect is complex as the technology-induced replacement of new jobs may happen at
different levels of aggregation: Reinstatement may happen in the same firm and/or in
other industries, and studies limited to a subset of firms or industries can not capture
the reinstatement of labor elsewhere.
An increasing demand for labor is the key indicator of supporting evidence for the
reinstatement effect. This is reflected in lower unemployment, an increasing number
of employees and hours worked. We also consider a higher labor share of income and
rising wages as supporting evidence for an increasing demand for labor. Note that the
reinstatement effect does not need to be equally distributed across different types of
labor. To support the existence of this effect, it is sufficient if we observe an increase
for at least one group. We also consider changes in the relative demand for labor as
hint that supports the existence of the reinstatement effect, as it may be driven by an
increase in the demand for certain types of labor.
Whether or not the net impact of technology on employment is positive or negative
depends on the balance between labor replacement and reinstatement.
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2.3 The real-income effect
The two effects introduced above mainly refer to the impact of technology on the production side when it changes the use of inputs in absolute and relative terms. Technological
change also affects labor through an indirect channel that mostly operates through the
demand side.
Assuming rational technology adoption decisions, technological change is always associated with productivity improvements; otherwise it would not be rational to adopt
a new technology. Productivity improvements enable firms to produce a given value of
output at lower costs which would be reflected in lower consumer prices if these input
costs savings are transmitted to consumers. Moreover, if technological change raises the
marginal product of certain types of labor, we would also expect relative wages to rise.
If technological change raises the marginal product of capital, we would expect higher
rents to capital which are another source of income. All these effects (lower prices, higher
wages, higher returns to capital) contribute to a rise in real income. If demand is elastic
and positively responds to increases in income and decreases in prices, we observe an
expansion of aggregate output Q. It should be noted that the real income gains are not
necessarily equally distributed. This may have an impact on the demand reaction as
the propensity to consume is heterogeneous across income groups and products. The
expansion of output driven by a technology-induced real income effect may lead to a
higher demand for labor.
As the real income effect on labor is very indirect, we interpret a study as empirically
supportive for the real income effect if it provides empirical support for one of the
underlying mechanisms, that are: an increase in (1) productivity, (2) lower prices, (3)
higher levels of income and wages, (4) rising levels of output and a positive relationship
between labor and output.
We interpret studies that report insights on at least one of these mechanisms as
supportive for the real-income effect while being aware that support for one of these
mechanisms does not necessarily imply that the full chain of causal arguments holds.
For example, productivity gains may not be forwarded to consumers in terms of lower
prices if distorted competition prevents this, and rising levels of income do not necessarily
imply a higher demand for consumption.

3 Methods
The aim of this review is to answer the question: What is the net employment effect of
technological change since the 1980s in developed countries? To answer this question,
we review the empirical evidence of studies published between 1988 - April 2021.

3.1 Search strategy
We closely followed the PRISMA 2020 guidelines to ensure the quality of the systematic
search process (Page et al., 2021). A scoping review was used to identify relevant search
terms in widely cited studies. Subsequently, a computerized search was performed using
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a set of search terms that appeared either in the title, abstract, or list of keywords of
studies, namely: ‘automation’, ‘technology*’, ‘digiti$ation’, ‘robot*’ or ‘artificial intelligence’, combined with ‘labo$r’ or ‘employment’.3
The search was conducted in the Web of Science Core Collection database. We opted
for Web of Science because of its proven suitability as a principal search engine for
systematic reviews (Gusenbauer and Haddaway, 2020). We only included records from
the Social Sciences Citation Index (SSCI) of Web of Science to exclude studies in the
sciences as our research is concerned with the effects of technological change and not its
technical realization. Moreover, to further exclude irrelevant literature, we limited our
search to the following Web of Science categories: Economics; Management; Business;
Business, Finance; Sociology; Industrial Relations & Labor; Development Studies; Social Sciences, Interdisciplinary; History; Social Issues; Urban Studies; and Geography.
Furthermore, the search was restricted to the most relevant document types and include
articles, book chapters, early access documents, proceeding studies, and reviews.4 Documents were also restricted to the English language due to the researchers’ collective
abilities. Although we did not impose any restriction on the search period, our search
covered the time period 1988-April 2021. The initial year was the earliest year in Web
of Science to which our research team had access. The final year was determined by the
start of our research project in the second quarter of 2021.
Figure A.1 gives an overview of the selection process of relevant studies. Web of Science
initially provided us with 8,699 studies that were published between 1 January 1988 and
21 April 2021. Six independent researchers were involved in the process of selecting the
relevant records for the policy report. The procedure was structured in such a way that
each researcher evaluated 1/6 of the retrieved records in a first round, i.e. approximately
1,450 per person. In a second round, the six sets of records were rotated so that a second
researcher assessed the records previously screened by someone else. The setup of the
procedure ensured that in the second round, two separate researchers were assigned to
the set of records of the original screener to avoid bias. To illustrate: if researcher A
screened articles 1 to 1,450 in the first round, then in the second round, researcher B
screened articles 1 to 725 and researcher C screened articles 726 to 1,450. The first and
second screening rounds were conducted independently such that the assessment of the
first assessor was unknown to the second assessor prior to finalizing their set of records.
Based on the title and abstract, every researcher screened and indicated for each record
whether they considered it relevant for the paper (by indicating “yes”), whether it was
potentially relevant (by indicating “maybe”), or whether the record was considered irrelevant (by indicating “no”). In this first step, studies were considered relevant if the
independent variable is related to technology and the dependent variable is related to
(un)employment (inclusion criterion 1). In a second step, records that were considered
relevant by both researchers (“yes”/ “yes”) were automatically kept. Likewise, records
that were deemed irrelevant by both researchers (“no”/“no”) were immediately disre3
4

The exact search string can be found in Appendix A.1.
Our final selection of studies were only comprised of articles as other types of documents did not
meet our inclusion criteria.
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garded. Due to the sheer mass of literature, “yes”/“maybe” combinations were changed
into a definite “yes” and were retained. Likewise, “no”/“maybe” combinations were
excluded from the review. Mutual uncertainties (“maybe”/ “maybe”) and strong disagreements (“yes”/“no”) were subjected to further reviewing. Each of these remaining
records were further evaluated by a randomly assigned third reviewer, who made the
final decision to include or exclude the articles in question.
In step 3, the remaining 252 studies were assigned to three researchers who each independently assessed 1/3 of the remaining records against the following inclusion criteria:
(1) the study examines the effect of technological progress on (un)employment; (2) the
study has an empirical element; and (3) the study focuses on at least one developed
country.5 With respect to inclusion criterion (1), we include studies that either use a
direct or indirect measure of technological progress. Direct measures include proxies
(for the diffusion) of specific types of technologies including information and computer
technologies (henceforth ICT) and industrial robots. Other measures include total factor productivity (henceforth TFP) and innovation indicators (both product and process
innovation). We also include studies that do not directly measure technological change,
e.g. studies that indirectly infer the impact of technology by investigating the employment change for routine jobs that are assumed to be automatable (Autor et al., 2003).
Concerning the outcome measure of interest, we include studies using different measures
of (un)employment, e.g. hours worked, number of employees at the firm, the percentage
of unemployed individuals of the total workforce, employment to population ratio, labor’s share of income, or high skill to low skill labor ratio. Inclusion criterion (2) implies
that we exclude purely theoretical studies, but include studies that make an empirical
contribution (i.e. regression, descriptive, and decomposition analyses). Finally, we did
not impose any specific restrictions on the level of analyses. Therefore, our final selection
of studies investigates the impact of technological progress at various levels, i.e. at the
macro (e.g. country), meso (e.g. sectors, industries), micro (e.g. firms, individuals),
regional (e.g. regions, states, cities), and other (e.g. skills, occupations) levels of data
aggregation.
Step 4 of the systematic search led to the inclusion of 127 studies. These studies were
coded along a variety of dimensions. First, we recorded information on how technological
change was measured. Furthermore, we recorded the country or countries studied, the
period studied, the outcome variable(s) studied, and mechanisms explaining the relation
between technological change and employment (i.e. replacement, reinstatement, and real
income effect). With respect to (un)employment indicators and underlying mechanisms,
we also described how it was measured. The data that were extracted also include the
data source(s), the level of analysis (e.g. firm, sector, region or country), the sample
size, the study design, and whether the study investigates heterogeneous effects. We
recorded the main findings in terms of (un)employment effects and whether the authors
find support for the replacement, reinstatement and real income effect. Finally, we kept
track of the author(s)’ names, the year of publication, source (e.g. name journal), and
type of publication (e.g. article).
5

Here, countries are defined as developed if classified as high-income by the World Bank, 2021.
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4 Results
In this section, we begin with an overview of the basic descriptive statistics for the 127
studies that remain in our sample after the step-wise selection procedure. Subsequently,
we describe and contextualize the subset of studies that report empirical results for each
of the three effects introduced above: replacement; reinstatement; and real-income (see
Section 2).

4.1 Overview
An overview of the studies covering the different effects is provided in Table 1. The
vast majority (81%) of the studies in our analysis is related to the replacement effect.
Another 62% report results about the reinstatement of labor and 26% about the realincome effect. More than half of the studies (59%) report results for at least two of the
three effects and 16 studies (13%) for all three effects.
Table 1: Studies by type of effect examined
(1)
replacement

(2)
reinstatement

(3)
real income

(4)
overlap

0.81
103

0.62
79

0.26
33

0.59
75

share
#

Notes: Columns (1), (2) and (3) present the share and number (#) of
studies examining the replacement, real income and reinstatement effect,
respectively. Column (4) presents the share and # of studies exploring at
least two of the effects in (1)-(3). The total # of studies is 127.

The studies in our sample differ by the technologies studied and the empirical indicators used to them. However, we observe sufficient common thematic patterns which
point to broader technology classifications. To that end, we define four broad groups
of technologies (ICT, robot, innovation, and TFP-style) plus one residual category
(other/indirect) for technology types that are used by a small number of studies and are
rather heterogeneous to form separate technology groups.
Table 2: Studies by technology group

share
#

(1)
ICT

(2)
Robots

(3)
Innovation

(4)
TFP-style

(5)
Other

(6)
Overlap

0.35
45

0.13
17

0.13
17

0.14
18

0.30
38

0.06
8

Notes: Columns (1)-(5) present the share and number (#) of studies examining ICT, robots, innovation, TFP-style and Other technology groups, respectively.
‘Other’ refers to technologies measured indirectly through prices, automation risks,
etc. Column (6) presents the share and # of studies examining at least two of the
technology groups in (1)-(5). The total # of studies is 127.

In Table 2, we find that roughly one third (35%) of the studies analyze the impact
of ICT on employment. The diffusion of ICT is measured in different ways. On the
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one hand, some studies use measures of ICT investments or capital, as for example
found in (EUKLEMS, 2019) and other comparable data bases which are mostly publicly
available. On the other hand, other studies rely on survey data of computer use and
ICT investment at the firm level, or measures of exposure to computerization at the
occupation level.
The impact of robots is analyzed by 13% of the studies. The diffusion of this technology group is mostly measured using data for industrial robots from the International
Federation of robotics (henceforth IFR) (IFR, 2020) which, as far as we are aware of, is
the only source consistently covering a large set of countries, time-periods and all relevant industries where industrial robots are adopted. Rs received much attention because
they are commonly interpreted as a pure automation technology, and thus substitute for
manual tasks.
Another 13% analyze the employment effects of innovation. These studies typically
use data from the Community Innovation Survey (henceforth CIS) or comparable surveys for non-European countries. These surveys are regularly conducted by statistical
offices to assess the innovativeness of firms and regions. Typically, these surveys allow to
distinguish between process and product innovation and, in some cases, organizational
innovation. Process innovation is measured by survey questions asking firms to report
whether they implemented a new improved production method. Similarly, the introduction of product innovation is evaluated based on a survey question asking firms whether
they recently introduced a new product. Organizational innovation is measured through
a question asking for the implementation of new organizational methods in business
practices, workplace organization or external relations (Arundel and Smith, 2013).
Next, 14% of the studies consider different measures of productivity enhancements
to capture technological change that we categorize as TFP-style. TFP-style methods
mostly rely on estimates of productivity (TFP or labor productivity) or changes in
substitution elasticities. Some of these studies use readily available estimates provided
by statistical offices or other relevant external data sources. Others explicitly estimate
productivity or substitution elasticities on the basis of otherwise unexplained variation
in the production function and sometimes also distinguish between different types of
input biased technological change.
Table 3: Studies by level of analysis

share
#

(1)
macro

(2)
meso

(3)
micro

(4)
regional

(5)
overlap

0.35
45

0.32
41

0.30
38

0.12
15

0.09
12

Notes: Columns (1)-(4) present the share and number (#) of
studies where the analysis is conducted at the macro (e.g. country, over-time), meso (e.g. sectors, industries), micro (e.g. firms,
individuals), and regional (e.g. regions, states, cities) level of
data aggregation, respectively. Column (5) presents the share
and # of studies where the analysis is conducted in at least two
of the previous levels of analysis. The total # of studies is 127.
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We further classify the studies by the level of analysis which reflects the degree of
aggregation of the data used for estimations.6 In Table 3, we find that the coverage
of macro, meso and micro level studies is roughly balanced with 35%, 32% and 30%,
respectively, while only 12% of the studies have a regional focus. Macro level studies
rely on country-level data and variation over time and/or countries. Meso level studies
usually include industry or sector level data, while micro level studies are at the more
granular level—mostly at the firm or individual employee level. Finally, regional level
studies use variation across regional dimensions (e.g. commuting zones, NUTS regions,
counties, world regions, etc.).7
Table 4: Studies by the type of empirical methodology used
in the analysis for any and each effect explored
(1)
Descriptive

(2)
Regression

(3)
Simulation

share
#
Replacement

0.14
18

0.80
102

0.06
7

share
#
Reinstatement

0.15
15

0.83
85

0.03
3

share
#
Real income

0.16
13

0.80
63

0.04
3

share
#
Total employment

0.12
4

0.85
28

0.03
1

share
#

0.15
13

0.81
72

0.04
4

Any effect

Notes: Columns (1)-(3) present the share and number (#) of studies by the
primary type of empirical methodology used in each study to identify the
effect(s) of interest. ‘Descriptive’ refers to studies using descriptive statistics
and conceptual analyses that link macro level stylized facts to empirically
reported technology-trends at the micro level. ‘Regression’ refers to any
regression-based analysis or other quantitative inferential methods with empirical foundation. ‘Simulation’ captures simulation methods, e.g. DSGE.
These statistics are reported in each row panel within any, replacement, reinstatement, real income, and total employment effect reported, respectively.
Note that there is no overlap in methods reported, i.e. more than one primary method used in each study, and thus the shares across columns add
up to one, up to rounding.

We use three categories to classify and distinguish between studies based on: de6

For a handful of studies that rely on calibration and simulation methods, the level of analysis refers
to the level of aggregation of the results/predictions.
7
Note that only a small share of studies (9%) provides results at multiple levels of analysis, which in
most cases comes in the form of additional robustness checks.
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scriptive analyses (labeled “Descriptive”); regressions and similar forms of inferential
statistics (labeled “Regression”); and studies that rely on simulation or calibration exercises (labeled “Simulation”). Simulation studies were only included if a substantial part
of the study includes a significant amount of empirical data analysis, e.g. to motivate,
calibrate, and/or estimate a simulation model. Table 4 gives on overview of the methods used. Specifically, irrespective of the effect explored, more than 80% of the studies
rely on regression methods and between 12-16% on descriptive analyses. Only a small
fraction (3-6%) uses simulation methods.
Figure 1: Share of studies by type of result reported for each effect examined
.81

(a) Replacement (n = 103)

.8

.8

(b) Reinstatement (n = 79)

.67
.6

.6

.4

.4

.2

.16

.13

.2
.089

.049
0

support

depends

weak

.025
nosupport

(c) Real income (n = 33)

.8

.076

0

support

depends

weak

nosupport

(d) Total employment (n = 89)

.8

.7
.6

.6

.4

.4

.35
.29

.2

.12

.12

.2

.18

.18

weak

negative

.061
0

support

depends

weak

nosupport

0

positive

depends

Source: Author’s calculations based on 127 studies collected from systematic literature review.
Notes: Panels (a)-(d) present the share of studies by each type of result reported for the replacement,
reinstatement, real income and total employment effect, respectively. Specifically, in panels (a)-(c) a
study is classified as ‘support’ if it finds a significant empirical effect that supports the effect of interest
examined, i.e. replacement, reinstatement, real income, respectively. ‘Depends’ refers to the set of studies
that find varying effects depending on the type of technology or the (sub)sample analyzed (e.g. type of
sector or labor). Studies reporting effects that are negligible in terms of the magnitude were classified
as ‘weak’. Studies were labeled as ‘no support’ if they investigate the effect of interest, but documented
insignificant or opposite effects. Similarly, in panel (d), ‘positive’ and ‘negative’ refer to studies which
find for total employment a significant empirical effect that is positive and negative, respectively, while
‘depends’and ‘weak’ are defined similarly to those above. A study can investigate more than one type of
effect, but the assigned groups of results (i.e. support, depends, weak or no support and positive, depends,
weak or negative) are mutually exclusive within each effect explored. In each panel, ‘n’ is the number of
studies examining the relevant effect.

In Figure 1, we provide an overview of whether the findings reported in the studies
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support the different effects. Specifically, we classified a study as “support” if it provides
results that offer data-based support for the existence of the effect of interest examined,
i.e. replacement, reinstatement, and real income. Some studies find that the effects
vary depending on the type of technology or the (sub)sample analyzed, for example
distinguishing between industries, demographic groups, occupations, and types of labor.
In this case we assigned the group “depends”. Studies that report negligible effects in
terms of the magnitude or effects of low statistical significance were classified as “weak”.
Finally, studies were labeled as “no support” if they find that the effect of interest is
insignificant or opposite to what was hypothesized. Note that a study can investigate
more than one type of effect, but the assigned labels, i.e. support, depends, weak or no
support, are mutually exclusive within each effect.
In panel (a) of Figure 1, we can see that roughly two thirds (67%) of the studies
that report results on the replacement effect find support for this effect, while only 16%
provide no support. A small share (13%) of studies suggest that whether or not the
technology is labor replacing depends on specific factors, such as the industry, country,
or type of labor considered. The remainder (4.9%) reports weak or inconclusive results.
Panel (b) shows that among those studies that report results on the reinstatement
effect, 81% support that technological change creates new jobs either within the same
firm, the same industry or elsewhere in the economy. Only a small fraction of the studies
(2.5%) find no support. Again, a minor fraction of the studies (16.5%) find that the
effect is conditional on the specification or focus of the analysis.
When looking in panel (c), similarly striking is the high support for the real income
effect among those studies that report any results on this effect. Generally, it should be
highlighted that the number (n) of studies in this subsample is much smaller compared
to the rest of the effects, i.e. 33 versus 103 and 79 studies. Again, roughly 70% of the
studies provide empirical support for the existence of this effect. This indicates that
technological change increases real income levels which may lead to a higher demand
and expansion of output with positive employment effects.
As explained above in Section 2, this effect is the most indirect which makes the
empirical analysis challenging. Here, we report all studies as supporting the real income
effect if they provide empirical evidence for the existence of at least one mechanism
that underlies the real income effect, i.e. productivity enhancement, price reductions,
increases in net income, output expansion, or a positive association between output and
employment. A small share of studies does not find any support for the real income effect,
namely, 12%. Another 12% of the studies document that the presence of a real income
effect depends on other factors, while only 6% of the studies present weak evidence over
such an effect.
Panel (d) in Figure 1 summarizes the results from our evaluation of the net effect of
technological change on employment. In total, 29% of studies document a net positive
effect, 18% a negative effect, and 18% report ambiguous or inconclusive results. The
majority of studies (35%) shows that the net employment effect is conditional.8

8

In Appendix Table A.1, we summarize the findings for each effect in absolute frequencies.
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4.2 Replacement effect
Table 5: Studies by findings on replacement

share
#

(1)
support

(2)
depends

(3)
weak

(4)
no support

0.67
69

0.13
13

0.05
5

0.16
16

Notes: Columns (1)-(4) present the share and number (#)
of studies with empirical results that support, depend (on
various characteristics, e.g. technology type, analysis level,
etc.), are weak, and do not support the presence of a replacement effect, respectively. The total # of studies in the
sample is 127 of which 103 examine the replacement effect.

4.2.1 Overview, methods and technical issues
Does technology replace human labor? The majority of studies exploring the replacement
effect suggest that it does, but we also find a relatively small share of studies that do
not support or suggest ambiguous effects (see Table 5). For a deeper understanding, we
systematize the empirical evidence for this effect by the finding (support, no support,
depends) and other characteristics of each study.
Before diving into the results, we summarize a few general aspects. A large number of
studies build on the neoclassical framework of skill or task biased technological change as
a basis for the empirical analysis. The majority of studies (83%) use regression analyses
or other quantitative inferential methods to assess the impact of technology on labor,
fifteen studies (15%) are based on descriptive statistics and conceptual analyses that link
macro level stylized facts to empirically reported technology-trends at the micro level,
and the remaining three studies (3%) use simulation methods (see Table 4).
Key indicators to evaluate the existence of the replacement effect are labor demand
(measured in employment and hours worked) at the firm, industry, country, skill or
occupation level. Other closely related measures which are informative to understand
the extent to which technology replaces labor, include: the labor share; the probability of unemployment; labor-capital substitution elasticities; and employment shares of
heterogeneous groups of employees.
In column (1) of Table 6, we present the fraction of studies using different measures
to capture technology and the remaining columns display for each of the technology
groups considered whether or not these studies offer empirical support for the replacement effect. The largest fraction of replacement studies (36%) studies the impact of
ICT. Next, a commonly used technology measure in recent studies is robots (15%), followed by innovation (12%) and TFP-style with 17%. Of the selected studies, 29% use
other measures of technology which do not directly relate to any of the aforementioned
technology groups or serve as an indirect measure of technological change (e.g. price
changes, automation risks, etc.).
Column (2) in Table 6 illustrates that we find high support rates for the replacement
effect across all technology types except for innovation. The strongest support comes
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from studies that use robots (87%), TPF-style (76%), Other (73%), and ICT (62%)
as technology measures, where the percentage in parentheses indicates the share of
replacement studies that study the respective technology and find support. Differently
from the other technologies, the findings from ICT-based studies appear to be the most
controversial showing simultaneously a high number of studies that support (62%) and
do not support (24%) the effect, but only a few studies that report conditional or weak
effects.
Table 6: Studies by findings on replacement effect for each
technology group considered
(1)

(2)

(3)
(4)
by finding

(5)

total

support

depends

weak

no support

share
#
Robots

0.36
37

0.62
23

0.08
3

0.05
2

0.24
9

share
#
Innovation

0.15
15

0.87
13

0
0

0
0

0.13
2

share
#
TFP-style

0.12
12

0.25
3

0.58
7

0
0

0.17
2

share
#
Other

0.17
17

0.76
13

0.12
2

0.06
1

0.06
1

share
#

0.29
30

0.73
22

0.10
3

0.07
2

0.10
3

ICT

Notes: Column (1) presents the share and number (#) of studies by the
technology group considered in each row panel relative to the total number of
studies examining the replacement effect. The row-sum of shares in column
(1) does not add up to one since there are studies considering more than one
technology group. Columns (2)-(4) present the share and # of studies by the
set of findings reported on the replacement effect for each type of technology
considered in each row panel. For findings, a study is classified as ‘support’
if it finds a significant empirical effect that supports the replacement effect
examined. ‘Depends’ refers to the set of studies that find varying effects
depending on the type of technology or the (sub)sample analyzed (e.g. type
of sector or labor). Studies reporting effects that are negligible in terms of the
magnitude were classified as ‘weak’. Studies were labeled as ‘no support’ if
they investigate the effect of interest, but documented insignificant or opposite
effects. The technology types reported include ICT, robots, innovation, TFPstyle and Other types of technologies (e.g. indirectly measured through prices,
automation risks), respectively. Note that there is no overlap in findings
reported, i.e. more than one primary finding in each study, and thus the
shares across columns add up to one, up to rounding. The total # of studies
in the sample is 127 of which 103 examine the replacement effect.

Studies relying on innovation show the weakest support rate for the replacement effect,
but seem consensual about the conditionality of the effect. Only one quarter of the
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replacement ICT studies (25%) support this effect and another 17% does not find any
empirical support, while 58% of the studies report that the effect is conditional on the
type of innovation (e.g. product or process innovation) and other relevant dimensions,
such as the characteristics of the employees and firms.
4.2.2 Studies supporting the replacement effect
The highest number of studies (n=23) that support the existence of a replacement
effect rely on ICT as a measure of technological change, often proxied by investment
in computer capital or survey data on computer use (Autor et al., 2002; Autor et al.,
2003; Autor and Dorn, 2013; Baddeley, 2008; Balsmeier and Woerter, 2019; Dengler
and Matthes, 2018; Diaz and Tomas, 2002; Eden and Gaggl, 2018; Fonseca et al., 2018;
Fossen and Sorgner, 2021; Morrison Paul and Siegel, 2001; Wolff, 2009; Addison et al.,
2000; Autor, 2015; Berman et al., 1994; Luker and Lyons, 1997; Autor et al., 2015;
Blanas et al., 2019; Goaied and Sassi, 2019; Kristal, 2013; Kaiser, 2001; Jerbashian,
2019; Morrison, 1997). Most of these studies examine changes in firm or industry level
labor demand, unemployment rates in certain industries, and occupations.
The large majority builds on theories of skill or task biased technological change and
find support that ICT technologies replace human labor in low skill jobs and occupations
or (regions with) industries that are intensive in routine tasks. For example, support for
the replacement effect is usually reflected by empirically observed shifts in employment
shares across industries, occupations, and demographic groups. The majority of studies
are at the meso level of analysis, followed by studies at the micro level (Balsmeier and
Woerter, 2019; Dengler and Matthes, 2018; Fonseca et al., 2018; Fossen and Sorgner,
2021; Addison et al., 2000; Kaiser, 2001) and macro level Baddeley (2008), Eden and
Gaggl (2018), Wolff (2009), Autor (2015), and Goaied and Sassi (2019). Only Autor
and Dorn (2013) and Autor et al. (2015) show ICT-induced replacement effects at the
regional level.
Among the studies looking at the replacement effect, the highest relative support for
this effect comes from studies using robots as a technology measure, i.e. the following
thirteen out of a total of fifteen studies support the effect (Borjas and Freeman, 2019;
Camina et al., 2020; de Vries et al., 2020; Edler and Ribakova, 1994; Faber, 2020; Jung
and Lim, 2020; Compagnucci et al., 2019; Acemoglu and Restrepo, 2019; Acemoglu and
Restrepo, 2020; Dodel and Mesch, 2020; Blanas et al., 2019; Graetz and Michaels, 2018;
Labaj and Vitaloš, 2020). Most of the robot studies cover a period between the mid 90s
until 2016 and mainly look at European countries or the US. The most commonly used
data sets with information on industrial robot penetration come from the IFR or national
associations of robot manufacturers, e.g. for Japan (Dekle, 2020) and Denmark (Graetz
and Michaels, 2018). In a similar fashion, the studies by Camina et al. (2020) and Edler
and Ribakova (1994) rely on survey data on robot use in Spanish manufacturing and
German firms, respectively, in pre-selected industries. An interesting alternative is that
from Blanas et al. (2019) who use detailed data on trade in robots and ICT products,
while Dodel and Mesch (2020) use survey data on self-reported job losses in response to
workplace automation among US employees.
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Almost all of these robot studies are at the meso level and explore the presence
of employment effects mainly at the industry level, followed by a handful of studies
at the regional and micro level, i.e. individuals/firms. These studies find a negative
association between robot diffusion and employment, labor income shares, and/or higher
probabilities of self-reported job losses. Some studies additionally report the effect of
robots on wages which are ambiguous and heterogeneous across skill groups. Generally,
the impact tends to be more negative for certain manufacturing industries, for women,
for medium-aged employees and for low skill employment. Compagnucci et al. (2019)
report a positive effect on wages which is outweighed by employment losses, yielding a
net negative effect on the wage bill.
Faber (2020) and Acemoglu and Restrepo (2020) study the impact of robots on the regional (commuting zone) employment-population ratio. Acemoglu and Restrepo (2020)
use a long difference regression approach and report a negative relationship between
robot exposure and employment where the effects are strongest in routine manual occupations and blue collar jobs. In the same spirit, Borjas and Freeman (2019) rely on
similar data sets to examine the impact of robots and immigrants on hourly wages and
employment at the state-industry level. They observe a negative association of robots
and employment and wages. The study by Faber (2020) is an interesting exception since
it examines the impact of robots used in an offshoring country. He finds that robot
adoption in offshoring industries in the US has a negative employment effect on regions
in Mexico that heavily rely on exports to the US. This result supports the idea that
the diffusion of automation technologies may have cross-regional spillovers. Specifically,
when regions whose comparative advantage in the production of tradable goods is based
on low labor costs may lose this advantage since the tasks performed by cheap labor can
now be performed by machinery.
The one study in this technology group performed at the macro level is by Labaj and
Vitaloš (2020) who examine the impact of robots, measured by the number of robots per
thousand workers, on changes in the country-level wage bill. They find evidence for the
existence of the replacement effect, but simultaneously report that negative employment
effects are overcompensated by the reinstatement of new labor.
Another set of studies (n=13) that mostly support the existence of the replacement effect use production function-based indicators as measures of technological change, which
we group as TFP-style (Angelini et al., 2020; Ergül and Göksel, 2020; Gregory et al.,
2001; Ho, 2008; Baltagi and Rich, 2005; Bloch, 2010; Chen and Yu, 2014; Autor and
Salomons, 2018; Bessen, 2020; Graham and Spence, 2000; Whelan, 2009; Huh and Kim,
2019; Kim and Kim, 2020). These studies mostly report shifts in labor demand, particularly across industries and across different types of labor, such as shifts from production
to non-production labor. Angelini et al. (2020), Ho (2008), Baltagi and Rich (2005), and
Gregory et al. (2001) provide evidence that technological change is skill biased by showing that lower skilled labor tends to be replaced by high skill labor. Bessen (2020), Chen
and Yu (2014), and Bloch (2010) evaluate the factor bias of technological change and
document patterns of labor saving and capital-using technologies over the past decades
with considerable heterogeneity across industries and countries. Autor and Salomons
(2018) additionally document that industry level growth in TFP was associated with a
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decrease in wages, hours worked, the wage bill, and in the labor share in major industrial countries since the 1970s. Whelan (2009) and Huh and Kim (2019) study cyclical
macroeconomic fluctuations and show that positive TFP-style shocks tend to be negatively related to hours worked. Ergül and Göksel (2020) and Kim and Kim (2020)
sugest that technology-induced shocks are associated with decreases in the labor share
of income, albeit potentially being only transitory, while Graham and Spence, 2000 find
that some of the industry-region employment losses can be attributed to technological
changes.
The studies using “other/indirect” technology measures can be roughly grouped into
three categories. A first bundle of studies (Peng et al., 2018; Gardberg et al., 2020;
Blien et al., 2021; Grigoli et al., 2020; Arntz et al., 2017) capture the exposure to
technological change of certain industries, demographic groups and regions relying on
measures of automation risk which are based on the approach and metrics developed by
Frey and Osborne (2017), i.e. estimates of the probability that certain tasks performed
by human labor are prone to be automated. These studies exploit variation in regional,
industrial and/or occupational susceptibility to automation and provide evidence that
automation risk indices help to explain employment losses and the longer unemployment
spells for workers in certain jobs.
A second category of “other/indirect” technology measures includes capital and hightech equipment investments used by Morrison (1997), Wemy (2019), and Ho (2008) as
proxies for technological change. Also Gera et al. (2001) infer the pace of technological change from shifts in the age of the capital stock, as more recent capital indicates
more dynamic patterns of technology investment. Kim and Kim (2020), Gera et al.
(2001), Morrison Paul and Siegel (2001), and Vainiomaki and Laaksonen (1999) approximate technological change via an input-based innovation indicator (R&D spending),
while Gera et al. (2001) and Feldmann (2013) use an output-based innovation indicator
(patents). Most of these studies are at the macro or industry level and find declines in
the labor share of income and employment. Further, Gera et al. (2001) provide support for skill biased technological change, i.e. more negative consequences in terms of
employment and income for low skilled labor. The skill bias is also supported from the
descriptive analyses by Oesch and Rodriguez Menes (2010) and Buyst et al. (2018) who
provide detailed description of occupational shifts across industries that are in turn verbally linked to existing trends in technology. Similarly, the detailed historical analysis
from Padalino and Vivarelli (1997) documents changes in the employment-GDP elasticity in G7 countries for the period 1964-94. The authors find for the post-Fordist era a
negative correlation between GDP growth and employment in manufacturing, but not
for employment in the whole economy. They also highlight that this relationship was
reverse during the Fordist era.
The third category of studies focuses on skill biased technological change and all are at
the macro level except for one regional level study (Reshef, 2013; Padalino and Vivarelli,
1997; Manning, 2004; Hoskins, 2000; Hoskins, 2002; Madariaga, 2018; Reijnders and J.,
2018). The measures of technology employed are heterogeneous and vary from the use of
the Leontief inverse matrix as a proxy for changes in production techniques to changes
in occupational efficiency. All studies provide suggestive evidence that technological
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change decreased the (relative) demand for unskilled workers or routine jobs.
Continuing, only three studies among those that provide empirical support for the replacement effect study the impact of innovation as it can be identified by CIS-like data
(Vivarelli et al., 1996; Cirillo, 2017; Dachs et al., 2017). Vivarelli et al. (1996) study
the impact of product and process innovation in Italian manufacturing firms during the
1980-1990s. They find clear support for labor displacement driven by the dominant role
of process innovation. Cirillo (2017) and Dachs et al. (2017) make the same observation in different European countries, but also highlight the presence of heterogeneity in
their findings. Specifically, process innovation appears to be more relevant for high-tech
industries and the effects tend to be stronger in Northern European countries.
Interestingly, when evaluating studies that support the existence of the replacement
effect, we observe that, irrespective of the technology-type studied, only a small fraction
provides insights on positive aggregate employment effects, while the vast majority shows
ambiguous results. Balsmeier and Woerter (2019), Camina et al. (2020), Dachs et al.
(2017), Manning (2004), Diaz and Tomas (2002), Luker and Lyons (1997), and Padalino
and Vivarelli (1997) report a net positive effect on total employment while Arntz et al.
(2017), Jung and Lim (2020), Chen and Yu (2014), Compagnucci et al. (2019), Addison
et al. (2000), Autor and Salomons (2018), Acemoglu and Restrepo (2020), Gardberg
et al. (2020), Goaied and Sassi (2019), Whelan (2009), Hoskins (2002), Huh and Kim
(2019), and Wemy (2019) find a negative effect.
4.2.3 Studies not supporting the replacement effect
The number of studies that provide evidence against any significant impact of technology
on employment is somewhat smaller. In particular, only sixteen out of sixty-nine studies
do not support the effect. Among these studies, nine evaluate the impact of ICT, two
measure technological change by robot diffusion and another two by innovation. Three
studies rely on indicators that fall into the residual category “other/indirect”, while only
one study examines the TFP-style technology type. Eight of these studies are at the
micro level, four at the macro level, and two for each of the meso and regional level.
From the micro studies, Aubert-Tarby et al. (2018) and Scholl and Hanson (2020) make
the analysis at the worker and occupation level, respectively, while the remaining focus
at the firm level.
The ICT category includes five studies that apply firm-level regression analyses (AubertTarby et al., 2018; Fung, 2006; Pantea et al., 2017; Atasoy et al., 2016; Gaggl and Wright,
2017), one performing industry level regressions (Biagi and Falk, 2017), one that applies
descriptive economic history analysis at the macro level (Borland and Coelli, 2017), and
two studies using regression analyses at the regional level, which cover cities (Behaghel
and Moschion, 2016) and economic regions (Ivus and Boland, 2015).
Among the micro level studies, Fung (2006) proxies ICT technologies by expenses on
IT and computer data processing and examines whether these technologies had a labor
saving impact on the US banking industry between 1992-2002. The author rejects the
presence of labor saving effects for the technologies considered, since the findings suggest
that the more technology intensive firms actually increase their employment. Similarly,
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Aubert-Tarby et al. (2018) analyze whether digitilization in the French newspaper and
magazine press industry creates or destroys jobs, and how this affects the quality of
labor contracts. Overall, they find that digitalization is associated with a reduction
in the probability to be laid off and also with higher wages. Pantea et al. (2017),
Atasoy et al. (2016), and Gaggl and Wright (2017) make similar observations for EU
countries and Turkey looking at different firm level ICT usage indicators. They estimate
either insignificant or positive effects of these technologies on employment in SMEs.
Additionally, Gaggl and Wright (2017) show that the introduction of these technologies
is associated with changes in the composition of tasks performed by workers.
In line with the findings above, Biagi and Falk (2017) and Ivus and Boland (2015) do
not find any significant effect of ICT on employment in European industries and Canadian regions, respectively. Likewise, Behaghel and Moschion (2016) do not observe that
ICT diffusion increases the probability of dismissals in French cities. If anything, they
provide only weak support of increased job instability for high-school dropouts. Borland
and Coelli (2017) provide a descriptive historical analysis, whereby they document a
decrease in routine labor which does not deviate from historical patterns. They fail to
identify any noteworthy relationship between ICT diffusion and employment changes.
Dekle (2020) and Fu et al. (2021) evaluate the impact of robot adoption on employment. Fu et al. (2021) study a sample of seventy-four countries, including the EU-27
and twenty-nine developing countries. They find insignificant employment effects in developing countries and even positive effects on aggregate employment accompanied with
positive productivity effects in developed countries. The authors also report heterogeneity by gender, but even in this dimension they do not find any evidence for large-scale
robot-induced replacement. Dekle (2020) analyze the impact of robot diffusion during
1979-2012 in twenty Japanese industries, but do not identify any significant negative
effects on employment.
Among those studies that distinguish the impact of product and process innovation,
the literature review by Calvino and Virgillito (2018) concludes that the relationship
between product innovation and employment is rather positive if statistically significant
at all. On the other hand, the impact of process innovation remains controversial, but the
authors also emphasize that the existing evidence is insufficient to support the existence
of a replacement effect. Next to the impact of ICT, Fung (2006) also report the impact
of in-house process innovation in the banking sector. But similarly to ICT, they cannot
find any support that these innovations are labor saving.
Three studies that do not find support for the replacement effect consider technologies
that fall in our residual category “other/indirect”. The study by Scholl and Hanson
(2020) relies on measures of automation risks based on expert judgments à la Frey and
Osborne (2017). Using a regression framework, they do not find that the automation
risk measures are in any way significantly related to changes in pay or employment.
Sargent (2000) assumes that changes in economic regularities, such as the relationship
between unemployment rates and vacancies, are an indication of technological change.
Implicitly this approach takes for granted that technological change affects and hence is
directly linked with this regularity. The author finds descriptive evidence that such shifts
occurred and he links these patterns to employment shifts across industries, occupations
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and educational groups. Nevertheless, the author does not find that these patterns of
change in the structural relationships are associated with an increase in unemployment
rates. Finally, the study by Raval (2019) explores plant level information to examine
whether capital-labor substitution possibilities have changed between 1987-2007. They
report that the estimated capital-labor elasticities have been very persistent over the
time period covered.
4.2.4 Studies with ambiguous findings and indirect evidence
Ambiguity about the existence of the replacement effect is reported in twenty studies
and comes in the following decreasing order in terms of the number of studies using
as a technology measure: innovation, ICT, other/indirect, and TFP-style. No study
on the impact of robots reports weak or conditional results. Among the studies with
ambiguous results, some of these—classified as “weak”—provide only indirect evidence
that may or may not be consistent with the replacement effect. The remaining studies—
classified as “depends”—provide contradicting evidence when using different technology
measures. In both cases and irrespective of the technology type, all of these studies
remain inconclusive on whether or not technology replaces labor.
A subset of these studies argues that there is a re-allocation of employment from one
group of occupations to another which provides suggestive evidence for the replacement
effect (Autor et al., 1998; Breemersch et al., 2019; Flug and Hercowitz, 2000; Gallipoli
and Makridis, 2018; Green and Sand, 2015; Maurin and Thesmar, 2004). Similarly, Fort
et al. (2018) and Boyle and McCormack (2002) look at the reallocation of employment
within and between manufacturing. However, as is also recognized in most of these
studies, employment patterns such as job polarization may also be driven by changes in
wages, demographic change or other relevant factors of influence that may be correlated
with technology.
Another subset of these studies investigates whether the decline in the labor share
can be explained by technology (Dixon and Lim, 2020; O’Mahony et al., 2021). The
decline of the labor share does not necessarily imply that jobs have been replaced by
technology, but it may indicate technology-induced pressure on the labor market if the
relative factor remuneration for labor declines. Hence, we understand this as indirect
support for the replacement effect.
Next, when looking at the ICT studies, Gallipoli and Makridis (2018) provide indirect
support for the replacement of non-IT by IT intensive occupations with a higher wage
premium. Breemersch et al. (2019) show that ICT adoption is associated with increased
polarization towards high pay jobs within manufacturing industries only, but with minimal contributions between manufacturing and non-manufacturing industries. Maurin
and Thesmar (2004) show that the share of skilled labor increased in response to ICT
adoption which may be accompanied with the simultaneous replacement of unskilled
labor. Autor et al. (1998) find rapid skill upgrading processes since 1970 and provide
suggestive evidence that these processes evolve faster in computer intense industries.
These studies point to a declining employment share of certain types of jobs, i.e. mostly
routine task intensive, low skill, and low wage jobs. However, it is not necessarily true
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that changes in employment shares are accompanied by the replacement or “phasing out”
of certain occupations. O’Mahony et al. (2021) study the impact of ICT and innovationrelated capital investments, but do not find any conclusive results on whether the labor
share is positively or negatively affected. Intangible investments related to innovation
tend to have a positive impact, while investments related to firm organization tend to
show the opposite pattern. In tendency, low and intermediate skilled workers appear to
be more negatively affected.
Three studies of those relying on TFP-style measures report ambiguous results (Boyle
and McCormack, 2002; Dixon and Lim, 2020; Fort et al., 2018). Fort et al. (2018) offer
a detailed descriptive analysis showing a negative relationship between TFP growth and
employment in some but not all manufacturing industries. Interestingly, they report
that this does not realize through the shut-down of existing plants but through lower
shares of labor input in plants that are new entrants. Boyle and McCormack (2002) and
Dixon and Lim (2020) do not directly evaluate the impact of TFP on labor, but show
that the decline in the labor share can be partly attributed to labor saving technological
change.
Seven of the studies that document ambiguous results for the replacement effect rely
on innovation (product and process) as a measure of technology (Bogliacino and Pianta,
2010; Falk, 2015; Cozzarin, 2016; Evangelista and Vezzani, 2012; Pellegrino et al., 2019;
Van Reenen, 1997; Kwon et al., 2015). All of them rely on analysis at the firm level except for the industry level study by Bogliacino and Pianta (2010) - and explore whether
there is a significant relationship between the introduction of process/product innovation
and labor demand. In addition, Falk (2015), Evangelista and Vezzani (2012), and Kwon
et al. (2015) provide further explorations on the impact of organizational innovation. All
these studies do not find any significant impact of product and organizational innovation
on labor. Similarly, for process innovation, Pellegrino et al. (2019) and Van Reenen
(1997) either present weakly statistically significant negative effects or findings that
depend on the size of firms.
Falk (2015) shows a negative association between process innovation for labor, but
this only holds for a subset of industries. Cozzarin (2016), next to product and process
innovation, studies the impact of advanced manufacturing technologies (AMT) and finds
ambiguous evidence depending on the type of innovation and technology considered: for
example, he finds no effect of AMT, a negative effect of product innovation, and a
positive effect of process innovation. Evangelista and Vezzani (2012) find weak evidence
of a labor saving impact of organizational product innovation in manufacturing but not
in services. Next to the labor saving effect, they also observe an innovation-induced
increase in sales which may offset the negative effect on employment. Also, Kwon et al.
(2015) find a negative impact of process but not product innovation.
Among those studies that rely on technology measures that fall in our residual category
“other/indirect”, three use investment in high-tech capital or R&D as technology proxies
(Breemersch et al., 2019; Flug and Hercowitz, 2000; Idris et al., 2021) and one relies on
knowledge-based assets (O’Mahony et al., 2021). Idris et al. (2021) cannot identify any
impact of high-tech on employment and Flug and Hercowitz (2000) and Breemersch et al.
(2019) document that technologies may be associated with wage and skill polarization
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patterns in the labor market. However, Breemersch et al. (2019) emphasize that technology plays a rather minor role in explaining polarization patterns in the labor market.
Furthermore, O’Mahony et al. (2021) find heterogeneity in the results depending on the
exact type of the technology considered: R&D-based knowledge investments mitigate
the ICT-driven declining trend in the labor share, while innovation-related intangible
investments are related to increases in the labor share which is opposite to the effect
found from organization-related investments.
Finally, Green and Sand (2015) provide a descriptive analysis of technology trends
but without a direct measurement. They explore polarization patterns in the Canadian labor market since the 1970s, but cannot confirm any hypothesis about skill biased
technological change. Rather, the drivers of the observed polarization patterns differ
compared to those in the US and other countries. While they document some occupations shrinking, they argue that these are more likely to be driven by the resource boom
in Canada, rather than by technological change.

4.3 Reinstatement effect
Table 7: Studies by findings on reinstatement

share
#

(1)
support

(2)
depends

(3)
weak

(4)
no support

0.81
64

0.09
7

0.08
6

0.03
2

Notes: Columns (1)-(4) present the share and number (#)
of studies with empirical results that support, depend (on
various characteristics, e.g. technology type, analysis level,
etc.), are weak, and do not support the presence of a reinstatement effect, respectively. The total # of studies in the
sample is 127 of which 79 examine the reinstatement effect.

4.3.1 Overview, methods and technical issues
Does the introduction of new technologies create new jobs? In total, seventy-nine studies
in our sample report empirical insights on the reinstatement effect. Among those studies
that report empirical evidence on the reinstatement effect, roughly 80% support the
existence of this effect, while 17% report ambiguous findings and only two studies (3%)
find insignificant effects (see Table 7).
The reinstatement effect is operationalized as a change in the absolute and relative
labor demand, often distinguishing between different types of labor such as high- and
low skilled, manufacturing and non-manufacturing, and different occupations and tasks.
Some of the studies additionally document changes in wages or the expansion of industrial or firm output which may be associated with the creation of new jobs. A few micro
level studies look at job transition rates and the characteristics of new jobs. Almost all
of the reinstatement studies (82%) simultaneously report findings on the replacement
effect and seventeen studies (22%) on the real income effect.

24

Table 8: Studies by findings on reinstatement effect for each
technology group considered
(1)

(2)

(3)
(4)
by finding

(5)

total

support

depends

weak

no support

share
#
Robots

0.38
30

0.77
23

0.07
2

0.13
4

0.03
1

share
#
Innovation

0.13
10

0.90
9

0
0

0
0

0.10
1

share
#
TFP-style

0.18
14

0.57
8

0.29
4

0.14
2

0
0

share
#
Other

0.14
11

0.91
10

0.09
1

0
0

0
0

share
#

0.28
22

0.91
20

0.05
1

0.05
1

0
0

ICT

Notes: Column (1) presents the share and number (#) of studies by the
technology group considered in each row panel relative to the total number of
studies examining the reinstatement effect. The row-sum of shares in column
(1) does not add up to one since there are studies considering more than one
technology group. Columns (2)-(4) present the share and # of studies by the
set of findings reported on the reinstatement effect for each type of technology
considered in each row panel. For findings, a study is classified as ‘support’
if it finds a significant empirical effect that supports the reinstatement effect
examined. ‘Depends’ refers to the set of studies that find varying effects
depending on the type of technology or the (sub)sample analyzed (e.g. type
of sector or labor). Studies reporting effects that are negligible in terms of the
magnitude were classified as ‘weak’. Studies were labeled as ‘no support’ if
they investigate the effect of interest, but documented insignificant or opposite
effects. The technology types reported include ICT, robots, innovation, TFPstyle and Other types of technologies (e.g. indirectly measured through prices,
automation risks), respectively. Note that there is no overlap in findings
reported, i.e. more than one primary finding in each study, and thus the
shares across columns add up to one, up to rounding. The total # of studies
in the sample is 127 of which seventy-nine examine the reinstatement effect.

In column (1) of Table 8, we find that the largest fraction of studies looking at reinstatement focus on the impact of ICT (38%) and innovation (18%). This is followed by
ten studies on robots and eleven on TFP-style technologies reporting reinstatement results. The remaining twenty-two studies use technology measures that fall in our residual
category “other/indirect”. In columns (2)-(5) Table 8, we find that across all technology
categories, with the exception of one robot and ICT study, there is high support or at
least no strong opposition against the reinstatement effect. Out of these studies, and
similarly to the replacement effect, the highest ambiguity about the existence of the reinstatement effect is observed in the innovation (43%) and ICT studies (20%). However,
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even in these cases the support rates remain high. Generally, these statistics are based
on a small number of studies, and thus should be considered with caution in terms of
their relative importance.
The vast majority of studies (n=63) uses regression analysis, while thirteen of the
studies rely on descriptive empirical analysis. Only three are based on simulation methods (see Table 4). Most of these studies are at the macro and meso level with 33%
and 34%, respectively, followed by 28% of the studies at the micro level and 14% at the
regional level (see Appendix Table A.2).
4.3.2 Studies supporting the reinstatement effect
Among those studies that support the reinstatement effect, twenty-three look at the
impact of ICT (Atasoy, 2013; Aubert-Tarby et al., 2018; Autor et al., 2003; Autor and
Dorn, 2013; Baddeley, 2008; Balsmeier and Woerter, 2019; Fossen and Sorgner, 2021;
Fung, 2006; Morrison Paul and Siegel, 2001; Behaghel and Moschion, 2016; Autor, 2015;
Berman et al., 1994; Luker and Lyons, 1997; Autor et al., 2015; Blanas et al., 2019;
Gaggl and Wright, 2017; Gallipoli and Makridis, 2018; Ivus and Boland, 2015; Kristal,
2013; Kaiser, 2001; Jerbashian, 2019; Maurin and Thesmar, 2004; Morrison, 1997).
The majority of them (fifteen) simultaneously support the replacement effect, while five
studies do not find significant support for it (Aubert-Tarby et al., 2018; Fung, 2006;
Behaghel and Moschion, 2016; Gaggl and Wright, 2017; Ivus and Boland, 2015). This
does not necessarily imply that these studies find overall positive employment effects.
Only Fung (2006) and Aubert-Tarby et al. (2018) show at the firm level that ICT
adoption has created but not destroyed jobs.
At the city level, Behaghel and Moschion (2016) study the impact of ICT on skill
upgrading and job-to-job transitions. They show that the adoption of ICT is associated
with an increased demand for skilled labor and does not coincide with higher dismissal
rates. Nevertheless, their results do not allow to draw conclusions about the net impact of
ICT on labor demand. Gaggl and Wright (2017) and Ivus and Boland (2015) argue that
the impact of ICT on net employment depends on various dimensions. Gaggl and Wright
(2017) find a positive relationship between ICT adoption and the demand for non-routine
cognitive labor, but do not observe effects on job replacement. However, they find that
the positive effect diminishes over time which may indicate that it is only a transitory
phenomenon. The detailed descriptive analysis of industrial job creation and destruction
dynamics by Borland and Coelli (2017) provides evidence that the positive employment
effects in Canada are heterogeneous across regions. Specifically, ICT diffusion only
exhibits significant positive interactions with labor in rural regions and these effects are
more pronounced in ICT intensive industries.
Only two studies that support the reinstatement effect report ambiguous findings for
an ICT-induced replacement effect (Gallipoli and Makridis, 2018; Maurin and Thesmar,
2004). Gallipoli and Makridis (2018) report numerous empirical stylized facts for the US
between 1980-2013 using micro level census data and detailed occupational employment
statistics. They document the emergence of new and well-paid IT occupations, mostly
in services. They show that productivity growth during this period can be mostly
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attributed to services while the employment share in manufacturing declined. However,
their findings do not allow to draw conclusions about the definite existence of replacement
or net employment effects. Maurin and Thesmar (2004) explore employee level data on
different types of computer technologies used at work. They find a positive correlation
between the diffusion of computers and the share of high skilled labor. This may indicate
a replacement effect, but it does not necessarily need to hold. However, the authors also
show that the impact of ICTs on labor demand is conditional on the type of ICT and
also on the occupations and their task content.
Only the study by Atasoy (2013) reports findings exclusively for the reinstatement effect, but not on any of the other two effects. The authors study the impact of broadband
deployment on county level labor markets in the US between 1999-2007. They find a
positive effect of broadband access on employment and wages and that the positive wage
effects are larger in counties with relatively more skilled labor, which brings support to
theories of skill biased technological change.
The majority of ICT studies (65%) supports both, replacement and reinstatement.
Most of them are regression-based analyses except for the economic history essay by
Autor (2015) and the detailed descriptive empirical analyses on employment shifts across
industries and occupations during 1988-1996 by Luker and Lyons (1997). Autor (2015)
documents in detail how the demand for labor for certain occupations in services, such
as managers and professionals, personal care, food services and others, continuously
increased since the 1980s until the financial crisis when the patterns of growth slowed
down. Further, he documents patterns of skill polarization reflected in the highest
growth rates in the lowest and highest skill percentile. Similarly, Luker and Lyons
(1997) document shifts from manufacturing to services. They show that a net increase
in high-tech industries can be mostly attributed to services. Generally, high-tech service
employment appears to grow faster than employment in the rest of the economy.
The remaining thirteen ICT studies that simultaneously support the replacement and
reinstatement of labor rely on regression analyses (Autor et al., 2003; Autor and Dorn,
2013; Baddeley, 2008; Balsmeier and Woerter, 2019; Fossen and Sorgner, 2021; Morrison
Paul and Siegel, 2001; Berman et al., 1994; Autor et al., 2015; Blanas et al., 2019;
Kristal, 2013; Kaiser, 2001; Jerbashian, 2019; Morrison, 1997). Among these, the two
studies by Autor et al. (2015) and Autor and Dorn (2013) use region level data. They
find support for theories on routine biased technological change and observe increasing
employment in abstract and manual tasks which neutralizes the negative employment
effects of routine-task replacement. Autor and Dorn (2013) also document a rise in
polarization, i.e. both a rise in low skill service jobs and a differential wage growth
across occupations. The study by Baddeley (2008) offers a macro level analysis and
confirms that computerization, next to financialization, was associated with a shift in
labor from manufacturing to services in the UK between 1979-2005.
At the meso level of analysis, Autor et al. (2003), Morrison Paul and Siegel (2001),
Berman et al. (1994), Blanas et al. (2019), Kristal (2013), Jerbashian (2019), and Morrison (1997) observe that ICT adoption is associated with the creation of new jobs. Autor
et al. (2003) find an increase in non-routine jobs. Morrison (1997) finds that investments in computers and R&D are associated with skill polarization patterns, i.e. an
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increased demand for high and low skill workers. Berman et al. (1994) document a rise
in non-production labor which coincides with a skill upgrading process. A similar skill
bias is confirmed by Blanas et al. (2019) who show that robots and ICT are associated
with higher employment in high and medium skill jobs and in services. Relatedly, Jerbashian (2019) shows a positive correlation between falling IT prices and employment
in high-wage occupations.
Three studies document simultaneous replacement and reinstatement effects at the
micro level, whereby Balsmeier and Woerter (2019) and Kaiser (2001) provide evidence
at the firm level and Fossen and Sorgner (2021) at the level of individual employees.
The two firm level studies find that increased investment in IT is associated with the
creation of high skill jobs. Fossen and Sorgner (2021) find evidence for the creation of
another class of jobs showing that digitalization significantly increases the probability
that high skill workers engage in entrepreneurial activity.
Nine studies among those supporting the reinstatement effect use robots as a measure of technological change (de Vries et al., 2020; Dekle, 2020; Edler and Ribakova,
1994; Acemoglu and Restrepo, 2019; Blanas et al., 2019; Graetz and Michaels, 2018;
Leigh et al., 2019; Gentili et al., 2020; Labaj and Vitaloš, 2020). Two thirds of the
reinstatement-supporting robot studies report ambiguous effects of robots on net employment and the remaining three (Leigh et al., 2019; Gentili et al., 2020; Dekle, 2020)
report positive effects. None of these studies reports a clear negative impact of robots on
net employment. This suggests that whenever evidence for robot-driven reinstatement
is found, it tends to overcompensate the replacement of labor.
All, except for Edler and Ribakova (1994) and Gentili et al. (2020), are regressionbased analyses, mostly at the industry or regional level. Edler and Ribakova (1994)
build on an empirical input output model and find a higher demand for skilled labor in
response to robot diffusion. Gentili et al. (2020) perform a descriptive clustering analysis
and attribute changes in the robot intensity to changes in employment measured by hours
worked. They find that those industries with the highest robot intensity experienced
the highest productivity and employment gains. However, these effects are clustered in
high-tech industries which account for a small share of total employment.
Among the regression-based studies, only Labaj and Vitaloš (2020) focus at the macro
level by exploring the extent to which variations in the economy wide wage bill and labor
share are explained by robot diffusion rates in the US and European countries. They
decompose aggregate changes in the task content of production into a reinstatement
and replacement effect and find evidence for both. However, the authors emphasize
that whether reinstatement or replacement dominates varies across countries (especially
between the US and EU) and that this variation cannot be explained by robot diffusion.
Next, for the six remaining meso level regression-based analyses (de Vries et al., 2020;
Dekle, 2020; Acemoglu and Restrepo, 2019; Blanas et al., 2019; Graetz and Michaels,
2018; Leigh et al., 2019) we observe that they mostly report increases in high skill and
in services jobs. Dekle (2020) observes similar effects but instead for total employment,
i.e. not only for high skill and service jobs. Leigh et al. (2019) also shows that in US
manufacturing the impact of robots tends to be positive.
Ten studies that provide supporting evidence for the reinstatement effect rely on TFP-
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style measures of technological change. Two of them are descriptive analyses (Angelini
et al., 2020; Fort et al., 2018) and the other eight rely on regressions (Ho, 2008; Baltagi
and Rich, 2005; Boyle and McCormack, 2002; Autor and Salomons, 2018; Bessen, 2020;
Graham and Spence, 2000; Kim and Kim, 2020; Sala and Trivin, 2018). In their descriptive study, Angelini et al. (2020) infer technological change from shifts in the skill
content of production and provide evidence for the reinstatement of service jobs reflected
in employment shifts from manufacturing to services. Fort et al. (2018) conduct a detailed descriptive analysis of the impact of labor productivity changes on employment
shifts at the industry and plant level. They emphasize that labor displacement and net
employment effects depend on the industry considered.
The other eight regression studies are mostly at the industry or macro level. They rely
on different proxies of productivity changes, mostly captured by TFP or labor productivity, and study labor demand in absolute and relative terms. Bessen (2020) investigates
the role of the elasticity of demand with respect to productivity for three industries since
the 19th century. The author highlights that final demand was historically a key driver
of the reinstatement of labor in the steel, textiles and automobile industry. The studies
by Ho (2008), Baltagi and Rich (2005), Kim and Kim (2020), and Sala and Trivin (2018)
show that the reinstatement of labor may be biased, as reflected in an increasing demand
for skilled and non-production labor. The other three studies provide similar findings
in different settings. Boyle and McCormack (2002) finds that capital accumulation and
technological change are key drivers of employment growth. Autor and Salomons (2018)
investigate TFP shocks in upstream industries and show that this is positively associated with hours worked and employment in downstream industries. Graham and Spence
(2000) show that regional employment increases can be attributed to technology.
Continuing, eight studies that rely on innovation as a measure of technological change
find support for the reinstatement effect. Five of them report positive net employment
effects (Fung, 2006; Vivarelli et al., 1996; Calvino and Virgillito, 2018; Dachs et al.,
2017; Tether and Massini, 1998; Xiang, 2005) and two emphasize that the net outcome
depends on external circumstances and the type of innovation, i.e. process or product
(Capello and Lenzi, 2013; Cirillo, 2017). The remaining one is the critical meta-analysis
by Vivarelli et al., 1996 which is inconclusive about potential net employment effects.
In terms of the empirical approach used, two studies (Calvino and Virgillito, 2018;
Tether and Massini, 1998) are based on descriptive analyses (including a literature review) and the other six rely on regression analyses. The analysis by Calvino and Virgillito
(2018) offers a literature review on the impact of innovation, captured by different indicators (R&D intensity, CIS, patents) on employment at the firm and sector level. They
document that the employment effect is mostly positive, but also depends on the sector
and the type of innovation (i.e. process or product). They also confirm a mostly positive effect of product innovation and a negative effect of process innovation. Tether and
Massini (1998) descriptively explore employment creation by small innovative firms at
the micro level, where innovative firms are defined as inventor award winning firms. The
authors show that these firms have faster than average employment growth patterns, but
the extent to which the observation of a positive relationship between innovativeness and
employment can be generalized beyond this specific setting remains limited.
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Three of the six regression analyses are studies at the micro level using firm level data
(Fung, 2006; Vivarelli et al., 1996; Dachs et al., 2017). Fung (2006) studies labor saving
product and process innovation in the banking sector and finds positive spillovers from
patented process innovations on labor demand in non-innovating banks. Both Vivarelli et
al. (1996) and Dachs et al. (2017) observe that product innovation is positively associated
with sales and labor demand, but Vivarelli et al. (1996) finds this pattern only for a
subset of sectors which are characterized by higher design and engineering intensities
and higher percentages of product innovations.
Another two studies are at the industry level (Cirillo, 2017; Xiang, 2005). Cirillo
(2017) finds a positive relationship between the industry level share of firms introducing
product innovations, industry level demand, and employment growth. Similarly, Xiang
(2005) shows that the introduction of new goods is positively associated with the relative
demand for skilled labor in the US manufacturing industry.
Capello and Lenzi (2013) confirm the positive association of product innovation with
employment using regional level data for the EU. Applying spatial regressions, they show
a positive relationship between the share of firms that introduce product innovations
and regional employment and wage growth in sub-national regions (NUTS2) that are
characterized by a high share of blue collar workers. The authors also highlight that the
effect in regions with low shares of blue collar workers may be negative and that these
relationships have changed over time.
Twenty studies that find support for the reinstatement effect rely on technology measures that fall into the residual category “other/indirect”. Among these, Morrison Paul
and Siegel (2001), Feldmann (2013), Vainiomaki and Laaksonen (1999), Van Roy et al.
(2018), Yildirim et al. (2020), Kim and Kim (2020), and Fagerberg et al. (1997) use
R&D expenditures or patents as a measure of technological change. Morrison Paul and
Siegel (2001) and Kim and Kim (2020) observe a positive relationship between R&D expenditures and employment of high skilled labor. Yildirim et al. (2020) and Fagerberg
et al. (1997) and Van Roy et al. (2018) all document a positive relationship between
R&D and labor, whereas Van Roy et al. (2018) find that this only holds in high- but
not in low-tech industries. Vainiomaki and Laaksonen (1999) find that high technology
sectors, measured by R&D intensity, have the highest job creation rates. Feldmann
(2013) finds only indirect support for the reinstatement effect. Specifically, in the short
term, increased innovation reflected in patent applications had a negative employment
effect, but this effect diminishes after some time which indicates that employment was
reinstated after a technology shock with an initially negative impact.
Three studies use different indicators of specific types of capital investment as proxies
of technological change. Ho (2008) uses a price index-based approach to capture quality
improvements in equipment and finds that these enhancements are associated with an
increase in demand for non-production labor in US manufacturing. Morrison (1997)
considers investments in specific high-tech equipment and Raval (2019) uses the evolution
of the capital stock as a technology measure. They all report a positive relationship
between labor demand and the capital indicators, suggesting a complementarity between
these factors. The results by Morrison (1997), similar to Ho (2008), suggest that this
relation is particularly strong for non-production labor.
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Two studies with support for the reinstatement effect use an indirect automation riskbased approach (Gardberg et al., 2020; Oesch and Rodriguez Menes, 2010). Both confirm
at the country, and Gardberg et al. (2020) additionally at the individual employee level,
that displacement is less likely in occupational groups with low automation risk. In
contrast, employment has even increased in these jobs.
Padalino and Vivarelli (1997), Hoskins (2000), Madariaga (2018), Reijnders and J.
(2018), and Jiang et al. (2019) are macro level studies using indirect approaches to
capture technological change, such as decomposition analyses and substitution elasticities. Padalino and Vivarelli (1997) and Jiang et al. (2019) find a positive relationship
between technological change and employment, while the other two find it only for certain sectors and jobs. However, also Padalino and Vivarelli (1997) observe that the
employment-GDP relationship is opposite in manufacturing, suggesting the simultaneous existence of replacement in manufacturing and reinstatement in non-manufacturing
industries in recent decades.
Finally, four non-regression analyses in the sample of studies relying on the residual
technology category find support for the reinstatement effect. Reshef (2013) relies on
an empirically estimated simulation model calibrated on US data. The results confirm
the hypothesis of skill biased technological change in the US during 1963-2005 and find
an increasing demand for skilled labor at the expense of unskilled. For Canada, Green
and Sand (2015) cannot confirm the skill bias hypothesis in their detailed descriptive
analysis. The analyses by Buyst et al. (2018) and Oesch and Rodriguez Menes (2010)
also suggest a bias of technological change being associated with increases in high paid
occupations. Both studies also provide evidence to rises in the demand for labor in
the lowest skill group, but Oesch and Rodriguez Menes (2010) show that this effect is
heterogeneous across countries.
4.3.3 Studies not supporting the reinstatement effect
The two non-supporting studies are the studies by Acemoglu and Restrepo (2020) and
Goaied and Sassi (2019). While they do not find support for the reinstatement effect,
they offer support for the replacement and real income effect. Both studies rely on
regression analyses and report an overall negative impact of technology on net employment. Acemoglu and Restrepo (2019) cover the time period from 1990-2007 and study
the impact of robots on the regional employment to population ratio. The authors find
that robot diffusion is associated with an increase in unemployment which appears to be
particularly driven by employment losses in manufacturing industries and routine manual, blue collar occupations. The effects are larger for men than women. Simultaneously,
they report positive productivity effects and increases in capital income.
Goaied and Sassi (2019) study the long term impact of ICT diffusion in 167 countries
grouped into five regions using the number of mobile phone and internet users as a
technology indicator. Distinguishing between long and short term effects, the authors
report not only a negative short term replacement effect, but also long term negative
associations between both technology indicators and employment. They report a positive
relationship between GDP and employment, but cannot attribute this to technology.
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4.3.4 Studies with ambiguous findings and indirect evidence
Fifteen studies report ambiguous or only indirect evidence for the reinstatement effect.
Six of these studies examine the impact of innovation, six of ICT, one uses TFP-style
measures and two more look, next to ICT capital, into the role of R&D intensity.
The TFP-style study by Dupaigne and Patrick (2009) estimates the macroeconomic
employment effect of positive labor productivity shocks using a vector auto-regressive
model. The authors find that the impact, whether positive or negative, is heterogeneous
across countries and also depends on how technology shocks are measured.
Among the ICT studies, four of them rely on regression analyses (Autor et al., 1998;
Fonseca et al., 2018; Breemersch et al., 2019; O’Mahony et al., 2021), one study conducts a simulation excercise (Charalampidis, 2020) and another one relies on descriptive
statistics (Borland and Coelli, 2017). Charalampidis (2020) studies automation technology shocks (while not providing much detail about the measurement of these shocks)
and analyzes their interaction with aggregate fluctuations of the labor share. While
this study finds that technology shocks explain a large share of the fluctuations, it remains inconclusive with regards to the longer term impact of these shocks. However,
the author argues that labor reinstatement may be insufficient to offset job losses. The
analysis by Borland and Coelli (2017) relies on a detailed descriptive analysis of those
industries in Australia that reported the largest changes in employment during the past
few decades. They link these observations to ICT diffusion curves, but fail to identify
any clear impact of technology on labor. The aggregate demand for labor was roughly
constant over the considered period, but they also observe an increase in non-routine
intensive occupations.
Two of the four regression analyses in this sample investigate job polarization. Fonseca
et al. (2018) find support for technology as a driver of job polarization, which may be
indicative for the reinstatement of certain types of jobs. Breemersch et al. (2019) observe
country-level employment growth and cross-industrial shifts, but fail to attribute this to
technological change. Autor et al. (1998) document skill upgrading processes and higher
wage premia, but do not show any clear impact on the demand for labor. The study
by O’Mahony et al. (2021) investigates the relationship between ICT diffusion and the
labor share. They find a negative relationship between ICT capital investments and the
labor share which may indicate lack of reinstatement. Interestingly, the authors also
study the impact of R&D investments and observe the opposite effect.
The six innovation studies (Evangelista and Vezzani, 2012; Pellegrino et al., 2019;
Piva and Vivarelli, 2005; Piva and Vivarelli, 2004; Van Reenen, 1997; Kwon et al., 2015)
report ambiguous or only weak support for the reinstatement effect. All of them are
regression analyses at the firm level and confirm a positive effect of product innovation
on employment, but a negative one of process innovation. Further, all of them, except for
Piva and Vivarelli (2004) and Piva and Vivarelli (2005), simultaneously report ambiguous
findings for the replacement effect.
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4.4 Real income effect
Table 9: Studies by findings on real income

share
#

(1)
support

(2)
depends

(3)
weak

(4)
no support

0.70
23

0.12
4

0.06
2

0.12
4

Notes: Columns (1)-(4) present the share and number (#)
of studies with empirical results that support, depend (on
various characteristics, e.g. technology type, analysis level,
etc.), are weak, and do not support the presence of a real
income effect, respectively. The total # of studies in the
sample is 127 of which 33 examine the real income effect.

4.4.1 Overview, methods and technical issues
With thirty-three studies in total, the number of papers that provide empirical insights
on the real income effect is much smaller compared to the other two effects. In Table 9,
we see that among these, twenty-three papers find support, six report ambiguous (weak
or depends) results, and four find no support.
The majority of studies investigate the impact of ICT (36%), followed by robots (27%),
TFP-style (18%) and other/indirect measures of technological change (15%). Only two
papers (6%) rely on innovation as a technology measure (see column (1) from Table 10).
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Table 10: Studies by findings on real income effect for each
technology group considered
(1)

(2)

(3)
(4)
by finding

(5)

total

support

depends

weak

no support

share
#
Robots

0.36
12

0.83
10

0
0

0
0

0.17
2

share
#
Innovation

0.27
9

0.67
6

0.22
2

0.11
1

0
0

share
#
TFP-style

0.06
2

0.50
1

0.50
1

0
0

0
0

share
#
Other

0.18
6

0.83
5

0
0

0
0

0.17
1

share
#

0.15
5

0.40
2

0.20
1

0.20
1

0.20
1

ICT

Notes: Column (1) presents the share and number (#) of studies by the
technology group considered in each row panel relative to the total number
of studies examining the real income effect. The row-sum of shares in column
(1) does not add up to one since there are studies considering more than one
technology group. Columns (2)-(4) present the share and # of studies by the
set of findings reported on the real income effect for each type of technology
considered in each row panel. For findings, a study is classified as ‘support’
if it finds a significant empirical effect that supports the real income effect
examined. ‘Depends’ refers to the set of studies that find varying effects
depending on the type of technology or the (sub)sample analyzed (e.g. type
of sector or labor). Studies reporting effects that are negligible in terms of the
magnitude were classified as ‘weak’. Studies were labeled as ‘no support’ if
they investigate the effect of interest, but documented insignificant or opposite
effects. The technology types reported include ICT, robots, innovation, TFPstyle and Other types of technologies (e.g. indirectly measured through prices,
automation risks), respectively. Note that there is no overlap in findings
reported, i.e. more than one primary finding in each study, and thus the
shares across columns add up to one, up to rounding. The total # of studies
in the sample is 127 of which thirty-three examine the real income effect.

The existence of the real income effect is empirically supported if studies find empirical support for the existence of different channels, such as productivity and prices,
income, and final demand or output. In our sample, the majority of papers (68%) provides empirical evidence about the productivity channel, followed by income (29%), and
output (18%) (see Table 11). Despite the high number of papers reporting results on the
productivity effects of technological change, only 9% are informative about the impact
on prices, which is a relevant indicator to evaluate whether or not consumers benefit
from the productivity gains of technological change.
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Table 11: Studies by type of real income effect examined

share
#

(1)
productivity

(2)
prices

(3)
income

(4)
output

(5)
other

0.68
23

0.09
3

0.29
10

0.18
6

0.06
2

Notes: Columns (1)-(5) present the share and number (#) of studies
focusing on productivity, prices, income, output, and other real income
effects, respectively. The total # of studies in the sample is 127 of
which 33 examine the real income effect.

Note that support for one of these channels is not sufficient to draw conclusions about
the impact on employment. For example, productivity gains are not necessarily forwarded to consumers in the form of lower prices, and lower prices do not necessarily
imply an increase in the demand and expansion of output, and an expansion of output
does not necessarily imply a higher demand for labor.
4.4.2 Studies supporting the effect
From the twenty-three studies that empirically support the real income effect, sixteen
report a positive effect of technological change on productivity (Autor et al., 2002;
Baddeley, 2008; Chun et al., 2015; Dekle, 2020; Jung and Lim, 2020; Oulton, 2002;
Strohmaier and Rainer, 2016; Vu, 2013; Boyle and McCormack, 2002; Chen and Yu,
2014; Acemoglu and Restrepo, 2019; Autor and Salomons, 2018; Autor, 2015; Acemoglu
and Restrepo, 2020; Bessen, 2020; Graetz and Michaels, 2018). Among these studies
only Bessen (2020) and Graetz and Michaels (2018) simultaneously report a decrease
in prices where Graetz and Michaels (2018) also document a rising wage income. Also,
Boyle and McCormack (2002), Autor and Salomons (2018), and Autor (2015) observe
next to the productivity effect, a rise in income. Vu (2013) additionally find evidence
for an expansion of output at the industry level using data on Singapore. Berman et al.
(1994) and Blanas et al. (2019) document a positive effect of technological change on
wage income, which holds in Blanas et al. (2019) only for certain occupations. Cirillo
(2017), Fagerberg et al. (1997), Padalino and Vivarelli (1997), Goaied and Sassi (2019),
and Graham and Spence (2000) find support for the last order mechanism of the real
income effect showing that the expansion of output associated with technological change
shows a positive relationship with the demand for labor. Cirillo (2017) indicates that
this holds only for a certain type of occupations.
Among those studies that find support for the real income effect, ten study the impact
of ICT (Autor et al., 2002; Baddeley, 2008; Chun et al., 2015; Oulton, 2002; Strohmaier
and Rainer, 2016; Vu, 2013; Autor, 2015; Berman et al., 1994; Blanas et al., 2019;
Goaied and Sassi, 2019). Seven of them report a positive impact of ICT on productivity,
three report positive income effects, and two provide evidence of a positive relationship
between output growth and labor demand. The three studies by Autor et al. (2002),
Oulton (2002), and Autor (2015) rely on descriptive analyses using industry level case
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studies, macro level growth accounting methods, and descriptive evidence on macroeconomic history. The other seven regression analyses are macro or meso level studies,
except for one firm level study by Chun et al. (2015).
Another six studies that support the real income effect examine the impact of robot
diffusion (Dekle, 2020; Jung and Lim, 2020; Acemoglu and Restrepo, 2019; Acemoglu
and Restrepo, 2020; Blanas et al., 2019; Graetz and Michaels, 2018). All these studies
are regression analyses at the meso or regional level. They all provide evidence of the
productivity increasing effect of robots except for Blanas et al. (2019) who document
a positive effect of robots on the wage bill of high skilled, old and middle aged men
which may indicate an increase in the demand for certain types of jobs like engineers
and managers.
Five papers rely on production function-based measures of technological change (TFPstyle) (Boyle and McCormack, 2002; Chen and Yu, 2014; Autor and Salomons, 2018;
Bessen, 2020; Graham and Spence, 2000). These studies use different types of decomposition analyses to isolate the impact of technological change. All of them are quantitative
analyses using regression techniques, mostly at the macro level except for the study by
Bessen (2020) who performs a detailed analysis of the steel, auto and textile industry at a historical scale, and the region-industry level study by Graham and Spence
(2000). Four of these studies report positive productivity effects. Specifically, Boyle
and McCormack (2002) and Autor and Salomons (2018) document a positive impact
on wage income, Bessen (2020) additionally documents decreasing prices in response to
labor productivity growth, and Graham and Spence (2000) confirm that higher output
is positively associated with the demand for labor.
One study by Cirillo (2017) examines the impact of innovation and finds at the industry level that an innovation-induced expansion of output and sales is positively associated
with labor demand, especially for clerk and manual workers.
The studies by Fagerberg et al. (1997) and Padalino and Vivarelli (1997) use technology measure that fall into our residual category “other/indirect”. Fagerberg et al. (1997)
rely on R&D as a technology indicator and Padalino and Vivarelli (1997) use changing
growth-employment elasticities as indirect proxy of technological change. They both
document a positive relationship between aggregate output and employment.
4.4.3 Studies not supporting this effect
Only four studies do not find supporting evidence for the existence of the real income
effect (Badescu and Garces-Ayerbe, 2009; Colombo et al., 2013; Samaniego, 2006; Dixon
and Lim, 2020). All four studies evaluate the productivity mechanism, i.e. the relationship between technological change and productivity. Furthermore, Dixon and Lim
(2020) provide additional explorations on income effects. Badescu and Garces-Ayerbe
(2009) and Colombo et al. (2013) study the impact of ICT diffusion at the micro level.
Dixon and Lim (2020) use a production function-based approach (TFP-style) to measure
technological change, and Samaniego (2006) relies on indirect measures of technological
change to study the impact on TFP growth at the macro level. Badescu and GarcesAyerbe (2009) and Colombo et al. (2013) find no significant relationship between pro-
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ductivity and ICT diffusion, while Dixon and Lim (2020) and Samaniego (2006) report
even negative effects. Dixon and Lim (2020) additionally find that the impact of technology on income is negative. Based on an empirically estimated general equilibrium
simulation model, Samaniego (2006) studies the impact of productivity shocks. The author argues that the negative productivity effect of a new technology can be explained
by the incompatibility of an existing with a new technology. However, they also argue
that this may be only a temporary phenomenon.
4.4.4 Studies with ambiguous findings and indirect evidence
Six studies in our sample report ambiguous findings or only indirect evidence for the
real income effect (Camina et al., 2020; Fu et al., 2021; Blien et al., 2021; Compagnucci
et al., 2019; Cozzarin, 2016; Oesch and Rodriguez Menes, 2010). The studies by Camina
et al. (2020), Fu et al. (2021), and Compagnucci et al. (2019) study the impact of robot
diffusion. Camina et al. (2020) show that whether robots are productivity enhancing
depends on the exact type of robot-based technology; for example, some subsets of these
technologies like data-driven control can even exhibit a negative effect. Fu et al. (2021)
report cross country differences: while robots show a positive effect on labor productivity in developed economies, no significant effects are found for developing countries.
Compagnucci et al. (2019) finds ambiguous results related to the real income effect: they
find a negative effect of robots on wages, but a negative one on prices.
Blien et al. (2021) and Oesch and Rodriguez Menes (2010) rely on indirect measures
of technological change. In particular, Blien et al. (2021) look at the routine intensity
of occupations and evaluate its interaction with the income of certain occupations. Using this indirect measurement of technological change, they observe that the effects on
employees’ income are heterogeneous across occupations: employees in jobs with high
routine intensity experience income losses after a job layoff. The authors also document
that routine intensity was a less significant predictor of income losses during the 80s compared to more recent periods. In a descriptive macro level analysis, Oesch and Rodriguez
Menes (2010) use the changes in the wage growth of various occupation groups that vary
in their task content. They examine the evolution of wages for different occupations but
find only weak effects.
Finally, Cozzarin (2016) studies the impact of innovation on wages and productivity
in manufacturing and only finds weak aggregate effects. In tendency, Cozzarin (2016)
observes a positive association between process innovation, wages and productivity, but
a negative association between product innovation and productivity.

5 Discussion
What is the net employment effect of technological change? The total effect on employment depends on whether the labor saving or the labor creating effect of technological
change dominates. Using a systematic review, we distinguished between three channels
through which technological change affects the demand for labor: 1) the replacement
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effect; 2) the reinstatement effect; and 3) the real income effect. The first mechanism is
labor saving, while the latter two lead to the creation of labor. In this section, we compare and critically discuss the evidence supporting the labor saving and labor creating
effect of technological change. We also discuss the impact of each type of technology on
net employment.

5.1 Evidence for net employment effect
In total, 103 (81%) of the 127 studies in our sample investigate the labor saving effect
of technology, while seventy-nine (62%) of the studies look at the reinstatement effect
and thirty-three (26%) studies examine the real income effect. In absolute terms, sixtynine studies find support for the replacement effect, while sixty-four and twenty-three
studies find support for the reinstatement and real income effect, respectively. Hence,
our review suggests that at least as many studies find support for the labor creating effect
of technological change as the number of studies providing evidence for the replacement
effect. Although our study does not comprehensively analyze and compare the sizes of
the effects reported in the selected studies, our findings do suggest that technological
progress has not resulted in a negative net effect on employment in the past decades.
Table 12: Studies by findings on total employment

share
#

(1)
positive

(2)
depends

(3)
weak

(4)
negative

0.29
26

0.35
31

0.18
16

0.18
16

Notes: Columns (1)-(4) present the share and number
(#) of studies with empirical results reporting positive,
depends (on various characteristics, e.g. technology type,
analysis level, etc.), weak, and negative effects on total
employment, respectively. The total # of studies is 127.

It is also relevant to note that out of the studies that report findings related to one of
the three mechanisms through which technology can affect labor, roughly comparable
shares of studies find support for the employment effect of interest, i.e. 67% of the
studies find support for the replacement effect, while 81% and 70% find support for the
reinstatement and real income effect, respectively. These numbers suggest that if there
were a publication bias, the bias would not be more prevalent among studies reporting
on one of the three mechanisms. Moreover, Table 12 shows that out of the studies
that provide evidence over the total employment effect of technological change, a larger
share finds support for an overall positive employment effect (29%) than a negative
employment effect (18%).
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5.1.1 Evidence for the net employment effect of robots

Table 13: Each type of technology by findings on total employment effect
(1)

(2)

(3)
(4)
by finding

(5)

total

positive

depends

weak

negative

share
#
Robots

0.29
26

0.27
7

0.42
11

0.23
6

0.08
2

share
#
Innovation

0.16
14

0.36
5

0.14
2

0.29
4

0.21
3

share
#
TFP-style

0.15
13

0.46
6

0.38
5

0.15
2

0
0

share
#
Other

0.15
13

0.08
1

0.38
5

0.15
2

0.38
5

share
#

0.33
29

0.28
8

0.41
12

0.10
3

0.21
6

ICT

Notes: Column (1) presents the share and number (#) of studies by the
technology group considered in each row panel relative to the total number
of studies examining the total employment effect. The row-sum of shares
in column (1) does not add up to one since there are studies considering
more than one technology group. Columns (2)-(4) present the share and #
of studies by the set of findings reported on the total employment effect for
each type of technology considered in each row panel. For findings, a study
is classified as ‘positive’ if it finds a significant positive empirical effect that
supports the total employment effect examined. ‘Depends’ refers to the set
of studies that find varying effects depending on the type of technology or
the (sub)sample analyzed (e.g. type of sector or labor). Studies reporting
effects that are negligible in terms of the magnitude were classified as ‘weak’.
Studies were labeled as ‘negative’ if they investigate the effect of interest,
but documented negative effects. The technology types reported include
ICT, robots, innovation, TFP-style and Other types of technologies (e.g.
indirectly measured through prices, automation risks), respectively. Note
that there is no overlap in findings reported, i.e. more than one primary
finding in each study, and thus the shares across columns add up to one,
up to rounding. The total # of studies is 127 of which seventy-five examine
the total employment effect.

Zooming in on the different types of technology, we find that the highest relative support
for the replacement effect is found for studies analyzing the impact of robots. Out of
the studies investigating the replacement effect of robots, thirteen (87%, Table 6) find
support for this mechanism. Most evidence comes from meso (i.e. industry) level studies,
but support for the replacement effect is also found in firm and worker level studies. In
total, nine studies find support for the reinstatement effect of robots. Interestingly, a
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large share of the studies examining the reinstatement effect also investigate the effect
on net employment. None of these studies find clear evidence for a negative effect of
robots on net employment.
Table 13 also illustrates that among the studies examining the total employment
effect, a larger share of robot studies find support for a positive employment effect (36%)
than for a negative employment effect (21%). Moreover, a substantial share of robot
studies studying the total employment effect report negligible effects in terms of the
magnitude. Finally, six studies find positive productivity and income effects in response
to robot diffusion. Although not all productivity gains are translated into employment
gains (Acemoglu and Restrepo, 2019), our findings overall suggest that the labor saving
impact of robots is generally compensated by robot-driven reinstatement of labor.
5.1.2 Evidence for the net employment effect from TFP-style studies
Another set of studies that mostly support the existence of the replacement effect are
those grouped as “TFP-style”. TFP-style studies rely on production function-based
indicators (e.g. labor productivity, TFP, substitution elasticities) as a measure of technological change and are used in micro, meso as well as macro level studies.
In line with other measures of technology, thirteen (76%, Table 6) TFP-style studies
find support for the replacement effect and report shifts in labor demand, particularly
from production to non-production labor across industries, and from low skilled workers
to high skilled workers. Likewise, ten studies (91%, Table 8) which find support for the
reinstatement effect document employment shifts from manufacturing to services and
employment increases for skilled non-production labor. Moreover, one reinstatement
study shows that TFP shocks in upstream industries are associated with employment
increases in downstream industries.
In addition to the reinstatement effect of productivity improvements, five studies
supporting the real income effect report positive effects on wage income and decreasing
prices. One study illustrates that the real income effect is also associated with positive
employment effects. Similar to the robot studies, the number of TFP-style studies
finding support for the replacement effect is roughly balanced compared to the number
of studies findings support for one of two labor creating mechanisms.
5.1.3 Indirect evidence for the net employment effect
Simultaneous support for the labor saving and enhancing effects of technology also comes
from studies using measures that fall into the residual category “other/indirect”. In total,
twenty-two studies find support for the replacement effect (73%, Table 6), while twenty
studies (91%, Table 8) support the reinstatement effect, and two studies (40%, Table
10) provide evidence for the real income effect.
A first set of studies relates employment to automation risks. Studies on the replacement effect find that occupations with a high automation risk are associated with larger
employment declines. Instead, studies investigating the reinstatement effect report that
a low automation risk is related to employment increases. Similarly, studies using mea-
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sures related to capital and high-tech equipment investments find support for both the
replacement and reinstatement effect. The same holds for studies looking at the impact
of R&D expenditures and patents. One study on the real income effect also reports
a positive relation between R&D, aggregate output and employment. The reinstatement effect of capital and R&D investments is particularly strong for high skilled labor,
non-production labor and high-tech industries.
In line with these findings, the studies on the replacement effect also report evidence
for skill biased technological change and document that especially low skilled labor is
negatively affected by technological progress. However, some descriptive studies also provide evidence that technology can have a positive effect on the demand for low skilled
labor, especially in service jobs. Further, we found that a number of indirect measures of technology only provide evidence for one of the three employment mechanisms.
One replacement effect study reports a negative association between GDP growth and
employment in manufacturing while a number of decomposition-like and substitution
elasticity-based studies find support for the reinstatement effect. Finally, one study
on the real income effect uses growth-employment elasticities as an indirect measure
for technology and reports a positive relationship between aggregate output and employment. Again, we conclude that indirect measures of technological change provide
a roughly equal amount of evidence for the labor saving on the one hand and labor
creating effect of technology on the other hand.
These indirect measures of technological change also have a number of disadvantages.
For instance, the downside of using automation risk indicators is that they implicitly
assume that tasks that can be performed by machines will automatically substitute for
human labor. To that end, these automation risk indicators do not take into account
that firms’ decision to adopt technologies also depends on many factors such as the price
of different inputs (i.e. labor and machines), legislation, or the availability of training
data in the case of intelligent automation. Moreover, occupation level automation risk
indicators are likely to overestimate the share of automatable jobs as they disregard
task heterogeneity within occupations as well as the adaptability of jobs in response
to technological change (Arntz et al., 2017). Consequently, these studies most likely
underestimate the true labor saving impact of technologies.
A subset of studies also analyzes the reallocation of employment across occupations
or sectors. Labor market patterns such as polarization are in line with the idea that
technology is mostly suitable for replacing workers in the middle of the skill distribution
whose jobs are relatively intensive in routine tasks. However, it is also important to
recognize that next to technology, there are also other potential explanations for these
shifts, such as trade or changes in wages (e.g. induced by shifts in the supply of specific
groups of labor).
5.1.4 Evidence for the net employment effect of ICT
The most ambiguous evidence comes from studies on ICT. Relative to other types of
technologies, a substantial number of studies find no or only indirect support for the
replacement effect of ICT. Nevertheless, twenty-three (62%, Table 6) of the studies
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examining the replacement effect of ICT find evidence for it. The findings come from
mostly meso level, but also micro and regional level studies and illustrate that mainly
low skilled and routine task intensive occupations are adversely affected by ICT. Similar
to the number of studies finding support for the replacement effect, twenty-three (77%,
Table 8) studies find support for the reinstatement effect. These studies confirm that
ICT reinstates labor as it induces the emergence of new ICT occupations. Moreover, the
findings also suggest that ICT complements workers in the performance of non-routine
tasks. In particular, the dissemination of ICT technologies is related to an employment
increase for high skilled workers and non-routine cognitive labor.
In addition, a number of studies have established the link between the upsurge of ICT
and employment growth in the service sector. Seven studies on the real income effect
report a positive effect of ICT on productivity. A few other studies also report positive
income effects, and a positive relationship between output growth and labor demand.
The majority of studies support both the replacement and reinstatement effect at the
same time. In line with these findings, eleven studies (42%, Table 13) that examine the
impact of ICT on total employment find that the impact depends on other factors. The
most important factor determining whether the effect of ICT is labor saving or creating
is the type of labor. We conclude that ICT does not appear to induce an overall net
negative effect. This is also supported by the observation that a larger share of ICT
studies looking at the total employment effect reports a positive effect (27%) than a
negative effect (8%).
5.1.5 Evidence for the net employment effect of innovation
The least support for the replacement effect is found by studies examining the impact of
innovation. Only three studies find support for the replacement effect (25%, Table 6).
Most of these studies are conducted at the firm level. The innovation studies showing
support for the replacement effect find that the labor saving effect is mostly driven by
process innovation. Similarly, studies that do not support the replacement effect or find
ambiguous evidence show that specifically product innovation tends to have a positive
effect on employment, while the available evidence is not strong enough to conclude that
the impact of process innovation is labor saving. In fact, a large number of studies find
no significant or only a weak effect of product, organizational or process innovation on
employment. In total, eight (57%, Table 8) studies on innovation find support for the
reinstatement effect. Another four studies (29%) indicate that the reinstatement effect
depends on other factors. The papers analyzing the reinstatement effect confirm that the
employment effect depends on the type of innovation. In general, studies seem to find
a positive employment in the case of product innovation and a negative or ambiguous
effect of process innovation.
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6 Conclusions
This study systematically reviewed the available evidence on the impact of technological
change on employment. Overall, we find that a substantially larger number of studies
provide evidence for the labor creating impact of technological change than for the labor
saving impact. Several studies providing support for the labor creating impact of technology report positive effects on productivity and prices, income, and final demand or
output. Through these channels, technological change is expected to indirectly increase
the demand for labor. However, only a few studies measure the actual employment
implications of these mechanisms.
Although we are careful in concluding that, if anything, technological change appears
to have a positive net effect on employment, we do conclude that the replacement effect is more than offset by the labor creating effect of technology. Hence, there does
not appear to be an empirical foundation for the fear of technological unemployment.
We also investigated whether different types of technology have a differential effect on
total employment. For almost all technology measures (i.e. robots, ICT, TFP-style,
other/indirect measures) we find a comparable number of studies finding support for
the labor saving as well as labor creating effect of technology. Only for innovation measures, the empirical evidence suggests that product innovation is mostly labor creating,
while the evidence concerning process innovation remains inconclusive.
Despite the fact that we find no evidence for a negative net employment effect in quantitative terms, the qualitative impact of technological change on employment cannot be
neglected. As our systematic review has pointed out, different types of technology have
predominantly adverse effects on low skilled and production labor, manufacturing jobs,
and workers performing routine tasks. Given the considerable labor saving potential of
technology, reskilling or retraining workers whose jobs are susceptible to automation is
essential. However, not only individuals whose jobs have disappeared due to automation
would benefit from (re-)training. Research shows that technological change also has induced within-occupational changes in skill requirements. In fact, according to estimates
of the OECD (Arntz et al., 2017), the share of jobs that will face changes in the task
content due to automation is higher than the share of jobs that is of high risk of being
automated. Hence, upskilling is also of utmost importance for workers whose jobs are
not directly threatened by technological change. Nevertheless, not all workers might be
able to make the transition to new jobs after experiencing job loss. These workers might
increasingly have to rely on social support systems.
Our systematic review is also subject to a number of limitations. First, the performance of tasks that have been considered beyond the potential of technologies are now
within the scope of what machines can do (Brynjolfsson and McAfee, 2014; Frey and
Osborne, 2017). However, empirical evidence on the impact of intelligent automation –
in particular the combination of robotics, machine learning, and quantum computing –
remains limited. In fact, none of the studies in our review assesses the impact of this
new wave of technological innovation. Therefore, our findings cannot be extrapolated
into the future and more research is needed to examine and understand the likelihood
of various emerging views on what the future of work will look like (Baldwin, 2019).
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Second, our study also faces an inherent methodological challenge. Generally, it should
be noted that it is not surprising to observe high support rates for each of the effects as
studies with insignificant results are rarely published. Hence, these results are subject to
a reporting bias, similar to the publication selection bias discussed in Ugur (2019). This
appears to be a more general problem of published empirical studies which also exists in
other disciplines such as medicine, psychology, and experimental economics research. In
these fields, pre-registrations were introduced with a detailed protocol of the empirical
approach that has to be approved before the experimental study is conducted. While
similar procedures are more difficult to establish in statistical analyses that often need
to be adapted during the workflow, it should be kept in mind that the results reported
are likely to suffer from a reporting bias in favor of the analyzed theory. Nevertheless,
there is no reason to assume that the size of the bias differs across the three employment
effects that we analyze in our study.

44

References
Acemoglu, Daron and Pascual Restrepo (2019). “Automation and New Tasks: How Technology Displaces and Reinstates Labor”. In: Journal of Economic Perspectives 33.2,
pp. 3–30. doi: 10.1257/jep.33.2.3.
– (2020). “Robots and Jobs: Evidence from US Labor Markets”. In: Journal of Political
Economy 128.6, pp. 2188–2244. doi: 10.1086/705716.
Addison, J. T., D. A. Fox, and C. J. Ruhm (2000). “Technology, Trade Sensitivity,
and Labor Displacement”. In: Southern Economic Journal 66.3, pp. 682–699. doi:
10.2307/1061432.
Angelini, Elisabetta Croci, Francesco Farina, and Enzo Valentini (2020). “Wage and
employment by skill levels in technological evolution of South and East Europe”. In:
Journal of Evolutionary Economics 30.5, pp. 1497–1514. doi: 10.1007/s00191-02000682-8.
Arntz, Melanie, Terry Gregory, and Ulrich Zierahn (2017). “Revisiting the risk of automation”. In: Economics Letters 159, pp. 157–160. doi: 10.1016/j.econlet.2017.
07.001.
Arundel, Anthony and Keith Smith (2013). “History of the community innovation survey”. In: Handbook of innovation indicators and measurement. Edward Elgar Publishing. doi: 10.4337/9780857933652.00011.
Atasoy, Hilal (2013). “The Effects of Broadband Internet Expansion on Labor Market
Outcomes”. In: ILR Review 66.2, pp. 315–345. doi: 10.1177/001979391306600202.
Atasoy, Hilal, Rajiv D. Banker, and Paul A. Pavlou (2016). “On the Longitudinal Effects
of IT Use on Firm-Level Employment”. In: Information Systems Research 27.1, pp. 6–
26. doi: 10.1287/isre.2015.0618.
Aubert-Tarby, Clemence, Octavio R. Escobar, and Thierry Rayna (2018). “The impact of
technological change on employment: The case of press digitisation”. In: Technological
Forecasting and Social Change 128, pp. 36–45. doi: 10.1016/j.techfore.2017.10.
015.
Autor, David and Anna Salomons (2018). “Is Automation Labor Share–Displacing? Productivity Growth, Employment, and the Labor Share”. In: Brookings Papers on Economic Activity, pp. 1–63. url: https://hdl.handle.net/1721.1/124228.
Autor, David H. (2015). “Why Are There Still So Many Jobs? The History and Future
of Workplace Automation”. In: Journal of Economic Perspectives 29.3, pp. 3–30. doi:
10.1257/jep.29.3.3.
Autor, David H. and David Dorn (2013). “The Growth of Low-Skill Service Jobs and
the Polarization of the US Labor Market”. In: American Economic Review 103.5,
pp. 1553–97. doi: 10.1257/aer.103.5.1553.
Autor, David H., David Dorn, and Gordon H. Hanson (2015). “Untangling Trade and
Technology: Evidence from Local Labour Markets”. In: The Economic Journal 125.584,
pp. 621–646. doi: 10.1111/ecoj.12245.
Autor, David H., Lawrence F. Katz, and Alan B. Krueger (1998). “Computing Inequality: Have Computers Changed the Labor Market?*”. In: The Quarterly Journal of
Economics 113.4, pp. 1169–1213. doi: 10.1162/003355398555874.

45

Autor, David H., Frank Levy, and Richard J. Murnane (2002). “Upstairs, Downstairs:
Computers and Skills on Two Floors of a Large Bank”. In: ILR Review 55.3, pp. 432–
447. doi: 10.1177/001979390205500303.
– (2003). “The Skill Content of Recent Technological Change: An Empirical Exploration*”. In: The Quarterly Journal of Economics 118.4, pp. 1279–1333. doi: 10 .
1162/003355303322552801.
Baddeley, Michelle C. (2008). “Structural shifts in UK unemployment 1979-2005: The
twin impacts of financial deregulation and computerization”. In: Bulletin of Economic
Research 60.2, pp. 123–157. doi: 10.1111/j.0307-3378.2008.00277.x.
Badescu, Mariela and Concepcion Garces-Ayerbe (2009). “The impact of information
technologies on firm productivity: Empirical evidence from Spain”. In: Technovation
29.2, pp. 122–129. doi: 10.1016/j.technovation.2008.07.005.
Baldwin, Richard (2019). The globotics upheaval: Globalization, robotics, and the future
of work. Oxford University Press.
Balliester Reis, Thereza and Adam Elsheikhi (2018). The future of work a literature
review. ILO Working Papers. International Labour Organization. url: https : / /
EconPapers.repec.org/RePEc:ilo:ilowps:994987493402676.
Balsmeier, Benjamin and Martin Woerter (2019). “Is this time different? How digitalization influences job creation and destruction”. In: Research Policy 48.8, p. 103765.
doi: 10.1016/j.respol.2019.03.010.
Baltagi, Badi H. and Daniel P. Rich (2005). “Skill-biased technical change in US manufacturing: a general index approach”. In: Journal of Econometrics 126.2, pp. 549–570.
doi: 10.1016/j.jeconom.2004.05.013.
Behaghel, Luc and Julie Moschion (2016). “IT-Based Technical Change and Job Instability”. In: The Scandinavian Journal of Economics 118.1, pp. 79–104. doi: 10.1111/
sjoe.12129.
Berman, Eli, John Bound, and Zvi Griliches (1994). “Changes in the demand for skilled
labor within US manufacturing: evidence from the annual survey of manufactures”.
In: The Quarterly Journal of Economics 109.2, pp. 367–397. doi: 10.2307/2118467.
Bessen, James (2020). “Automation and jobs: when technology boosts employment”. In:
Economic Policy 34.100, pp. 589–626. doi: 10.1093/epolic/eiaa001.
Biagi, Federico and Martin Falk (2017). “The impact of ICT and e-commerce on employment in Europe”. In: Journal of Policy Modeling 39.1, pp. 1–18. doi: 10.1016/
j.jpolmod.2016.12.004.
Blanas, Sotiris, Gino Gancia, and Sang Yoon (Tim) Lee (2019). “Who is afraid of machines?” In: Economic Policy 34.100, pp. 627–690. doi: 10.1093/epolic/eiaa005.
Blien, Uwe, Wolfgang Dauth, and Duncan H. W. Roth (2021). “Occupational routine
intensity and the costs of job loss: evidence from mass layoffs”. In: Labour Economics
68, p. 101953. doi: 10.1016/j.labeco.2020.101953.
Bloch, Harry (2010). “Technological Change in Australian Manufacturing”. In: Australian Economic Review 43.1, pp. 28–38. doi: 10.1111/j.1467-8462.2009.00574.x.
Bogliacino, Francesco and Mario Pianta (2010). “Innovation and Employment: a Reinvestigation using Revised Pavitt classes”. In: Research Policy 39.6, pp. 799–809. doi:
10.1016/j.respol.2010.02.017.

46

Borjas, George J. and Richard B. Freeman (2019). “From Immigrants to Robots: The
Changing Locus of Substitutes for Workers”. In: RSF: The Russell Sage Foundation
Journal of the Social Sciences 5.5, pp. 22–42. doi: 10.7758/RSF.2019.5.5.02.
Borland, Jeff and Michael Coelli (2017). “Are Robots Taking Our Jobs?” In: Australian
Economic Review 50.4, pp. 377–397. doi: 10.1111/1467-8462.12245.
Boyle, Gerry and Pauline McCormack (2002). “Trade and technological explanations for
changes in sectoral labour demand in OECD economies”. In: Applied Economics 34.5,
pp. 617–635. doi: 10.1080/00036840110048474.
Breemersch, Koen, Jože P. Damijan, and Jozef Konings (2019). “What drives labor
market polarization in advanced countries? The role of China and technology”. In:
Industrial and Corporate Change 28.1, pp. 51–77. doi: 10.1093/icc/dty063.
Brown, Clair and Benjamin A. Campbell (2002). “The Impact of Technological Change
on Work and Wages”. In: Industrial Relations: A Journal of Economy and Society
41.1, pp. 1–33. doi: 10.1111/1468-232X.00233.
Bruckner, Matthias, Marcelo LaFleur, and Ingo Pitterle (2017). “Frontier issues: The
impact of the technological revolution on labour markets and income distribution”.
In: Department of Economic & Social Affairs, UN, accessed 24. url: http://hdl.
voced.edu.au/10707/466671.
Brynjolfsson, Erik and Andrew McAfee (2014). The second machine age: Work, progress,
and prosperity in a time of brilliant technologies. WW Norton & Company.
Buyst, Erik, Maarten Goos, and Anna Salomons (2018). “Job polarization: an historical
perspective”. In: Oxford Review of Economic Policy 34.3, pp. 461–474. doi: 10.1093/
oxrep/gry003.
Calvino, Flavio and Maria Enrica Virgillito (2018). “The Innovation-employment Nexus:
A Critical Survey of Theory and Empirics”. In: Journal of Economic Surveys 32.1,
pp. 83–117. doi: 10.1111/joes.12190.
Camina, Ester, Angel Diaz-Chao, and Joan Torrent-Sellens (2020). “Automation technologies: Long-term effects for Spanish industrial firms”. In: Technological Forecasting
and Social Change 151, p. 119828. doi: 10.1016/j.techfore.2019.119828.
Capello, Roberta and Camilla Lenzi (2013). “Innovation and Employment Dynamics in
European Regions”. In: International Regional Science Review 36.3, pp. 322–353. doi:
10.1177/0160017612462874.
Charalampidis, Nikolaos (2020). “THE U.S. LABOR INCOME SHARE AND AUTOMATION SHOCKS”. In: Economic Inquiry 58.1, pp. 294–318. doi: 10.1111/ecin.12829.
Chen, Po-Chi and Ming-Miin Yu (2014). “Total factor productivity growth and directions
of technical change bias: evidence from 99 OECD and non-OECD countries”. In:
Annals of Operations Research 214.1, pp. 143–165. doi: 10.1007/s10479-012-10874.
Chun, Hyunbae, Jung-Wook Kim, and Jason Lee (2015). “How does information technology improve aggregate productivity? A new channel of productivity dispersion and
reallocation”. In: Research Policy 44.5, pp. 999–1016. doi: 10.1016/j.respol.2014.
11.007.
Cirillo, Valeria (2017). “Technology, employment and skills”. In: Economics of Innovation and New Technology 26.8, pp. 734–754. doi: 10.1080/10438599.2017.1258765.

47

Colombo, Massimo G., Annalisa Croce, and Luca Grilli (2013). “ICT services and small
businesses’ productivity gains: An analysis of the adoption of broadband Internet
technology”. In: Information Economics and Policy 25.3, pp. 171–189. doi: 10.1016/
j.infoecopol.2012.11.001.
Compagnucci, Fabiano, Andrea Gentili, Enzo Valentini, and Mauro Gallegati (2019).
“Robotization and labour dislocation in the manufacturing sectors of OECD countries:
a panel VAR approach”. In: 51.57, pp. 6127–6138. doi: 10.1080/00036846.2019.
1659499.
Cozzarin, Brian P. (2016). “Advanced technology, innovation, wages and productivity in
the Canadian manufacturing sector”. In: Applied Economics Letters 23.4, pp. 243–249.
doi: 10.1080/13504851.2015.1068913.
Dachs, Bernhard, Martin Hud, Christian Koehler, and Bettina Peters (2017). “Innovation, creative destruction and structural change: firm-level evidence from European
countries”. In: Industry and Innovation 24.4, pp. 346–381. doi: 10.1080/13662716.
2016.1261695.
de Vries, Gaaitzen J., Elisabetta Gentile, Sebastien Miroudot, and Konstantin M. Wacker
(2020). “The rise of robots and the fall of routine jobs”. In: Labour Economics 66,
p. 101885. doi: 10.1016/j.labeco.2020.101885.
Dekle, Robert (2020). “Robots and industrial labor: Evidence from Japan”. In: Journal
of the Japanese and International Economies 58, p. 101108. doi: 10.1016/j.jjie.
2020.101108.
Dengler, Katharina and Britta Matthes (2018). “The impacts of digital transformation
on the labour market: Substitution potentials of occupations in Germany”. In: Technological Forecasting and Social Change 137, pp. 304–316. doi: 10.1016/j.techfore.
2018.09.024.
Diaz, Macarena Sacristan and F. Javier Quiros Tomas (2002). “Technological innovation and employment: Data from a decade in Spain”. In: International Journal of
Production Economics 75.3, pp. 245–256. doi: 10.1016/S0925-5273(01)00115-3.
Dixon, Robert and G. C. Lim (2020). “Is the decline in labour’s share in the US driven
by changes in technology and/or market power? An empirical analysis”. In: Applied
Economics 52.59, pp. 6400–6415. doi: doi.org/10.1080/00036846.2020.1795072.
Dodel, Matias and Gustavo S. Mesch (2020). “Perceptions about the impact of automation in the workplace”. In: Information, Communication & Society 23.5, pp. 665–680.
doi: 10.1080/1369118X.2020.1716043.
Dupaigne, Martial and Feve Patrick (2009). “Technology shocks around the world”. In:
Review of Economic Dynamics 12.4, pp. 592–607. doi: 10.1016/j.red.2008.12.002.
Eden, Maya and Paul Gaggl (2018). “On the welfare implications of automation”. In:
Review of Economic Dynamics 29, pp. 15–43. doi: 10.1016/j.red.2017.12.003.
Edler, Dietmar and Tatjana Ribakova (1994). “The impact of industrial robots on the
level and structure of employment in Germany— A simulation study for the period
1980–2000”. In: Technological Forecasting and Social Change 45.3, pp. 255–274. doi:
10.1016/0040-1625(94)90049-3.

48

Ergül, Özgür and Türkmen Göksel (2020). “The effects of technological development on
the labor share of national income”. In: Economic Modelling 87, pp. 158–171. doi:
10.1016/j.econmod.2019.07.015.
EUKLEMS (2019). EUKLEMS release 2019. Data extracted in Oct 2020. url: https:
//euklems.eu/.
Evangelista, Rinaldo and Antonio Vezzani (2012). “The impact of technological and organizational innovations on employment in European firms”. In: Industrial and Corporate Change 21.4, pp. 871–899. doi: 10.1093/icc/dtr069.
Faber, Marius (2020). “Robots and reshoring: Evidence from Mexican labor markets”.
In: Journal of International Economics 127, p. 103384. doi: 10.1016/j.jinteco.
2020.103384.
Fagerberg, Jan, Bart Verspagen, and Marjolein Caniëls (1997). “Technology, Growth
and Unemployment across European Regions”. In: Regional Studies 31.5, pp. 457–
466. doi: 10.1080/00343409750132252.
Falk, Martin (2015). “Employment Effects of Technological and Organizational Innovations: Evidence Based on Linked Firm-Level Data for Austria”. In: Jahrbücher für
Nationalökonomie und Statistik 235.3, pp. 268–285. doi: doi:10.1515/jbnst-20150303.
Feldmann, Horst (2013). “Technological unemployment in industrial countries”. In: Journal of Evolutionary Economics 23.5, pp. 1099–1126. doi: 10.1007/s00191-013-03086.
Flug, Karnit and Zvi Hercowitz (2000). “Equipment Investment and the Relative Demand for Skilled Labor: International Evidence”. In: Review of Economic Dynamics
3.3, pp. 461–485. doi: 10.1006/redy.1999.0080.
Fonseca, Tiago, Francisco Lima, and Sonia C. Pereira (2018). “Job polarization, technological change and routinization: Evidence for Portugal”. In: Labour Economics 51,
pp. 317–339. doi: 10.1016/j.labeco.2018.02.003.
Fort, Teresa C., Justin R. Pierce, and Peter K. Schott (2018). “New Perspectives on
the Decline of US Manufacturing Employment”. In: Journal of Economic Perspectives
32.2, pp. 47–72. doi: 10.1257/jep.32.2.47.
Fossen, Frank M. and Alina Sorgner (2021). “Digitalization of work and entry into
entrepreneurship”. In: Journal of Business Research 125, pp. 548–563. doi: 10.1016/
j.jbusres.2019.09.019.
Frey, Carl Benedikt and Michael A Osborne (2017). “The future of employment: How susceptible are jobs to computerisation?” In: Technological forecasting and social change
114, pp. 254–280. doi: 10.1016/j.techfore.2016.08.019.
Fu, Xiaoqing (Maggie), Qun Bao, Hongjun Xie, and Xiaolan Fu (2021). “Diffusion of
industrial robotics and inclusive growth: Labour market evidence from cross country
data”. In: Journal of Business Research 122, pp. 670–684. doi: 10.1016/j.jbusres.
2020.05.051.
Fung, Michael K. (2006). “Are labor-saving technologies lowering employment in the
banking industry?” In: Journal of Banking & Finance 30.1, pp. 179–198. doi: 10.
1016/j.jbankfin.2005.03.008.

49

Gaggl, Paul and Greg C. Wright (2017). “A Short-Run View of What Computers Do:
Evidence from a UK Tax Incentive”. In: American Economic Journal: Applied Economics 9.3, pp. 262–94. doi: 10.1257/app.20150411.
Gallipoli, Giovanni and Christos A. Makridis (2018). “Structural transformation and the
rise of information technology”. In: Journal of Monetary Economics 97, pp. 91–110.
doi: 10.1016/j.jmoneco.2018.05.005.
Gardberg, Malin, Fredrik Heyman, Pehr-Johan Norbäck, and Lars Persson (2020). “Digitizationbased automation and occupational dynamics”. In: Economics Letters 189, p. 109032.
doi: 10.1016/j.econlet.2020.109032.
Gentili, Andrea, Fabiano Compagnucci, Mauro Gallegati, and Enzo Valentini (2020).
“Are machines stealing our jobs?” In: Cambridge Journal of Regions, Economy and
Society 13.1, pp. 153–173. doi: 10.1093/cjres/rsz025.
Gera, Surendra, Wulong Gu, and Zhengxi Lin (2001). “Technology and the demand for
skills in Canada: an industry-level analysis”. In: Canadian Journal of Economics/Revue
canadienne d’economique 34.1, pp. 132–148. doi: 10.1111/0008-4085.00066.
Goaied, Mohamed and Seifallah Sassi (2019). “The effect of ICT adoption on labour
demand: A cross-region comparison”. In: Papers in Regional Science 98.1, pp. 3–16.
doi: 10.1111/pirs.12321.
Goos, Maarten (2018). “The impact of technological progress on labour markets: policy
challenges”. In: Oxford Review of Economic Policy 34.3, pp. 362–375. doi: 10.1093/
oxrep/gry002.
Graetz, Georg and Guy Michaels (2018). “Robots at Work”. In: The Review of Economics
and Statistics 100.5, pp. 753–768. doi: 10.1162/rest_a_00754.
Graham, Daniel J. and Nigel Spence (2000). “Manufacturing Employment Change, Output Demand, and Labor Productivity in the Regions of Britain”. In: International
Regional Science Review 23.2, pp. 172–200. doi: 10.1177/016001700761012729.
Green, David A. and Benjamin M. Sand (2015). “Has the Canadian labour market
polarized?” In: Canadian Journal of Economics/Revue canadienne d’economique 48.2,
pp. 612–646. doi: 10.1111/caje.12145.
Gregory, M., B. Zissimos, and C. Greenhalgh (2001). “Jobs for the skilled: how technology, trade and domestic demand changed the structure of UK employment, 1979-90”.
In: Oxford Economic Papers 53.1, pp. 20–46. doi: 10.1093/oep/53.1.20.
Grigoli, Francesco, Zsoka Koczan, and Petia Topalova (2020). “Automation and labor
force participation in advanced economies: Macro and micro evidence”. In: European
Economic Review 126, p. 103443. doi: 10.1016/j.euroecorev.2020.103443.
Gusenbauer, Michael and Neal R. Haddaway (2020). “Which academic search systems
are suitable for systematic reviews or meta-analyses? Evaluating retrieval qualities of
Google Scholar, PubMed, and 26 other resources”. In: Research Synthesis Methods
11.2, pp. 181–217. doi: 10.1002/jrsm.1378.
Ho, Chun-Yu (2008). “Investment-specific technological change and labor composition:
Evidence from the U.S. manufacturing”. In: Economics Letters 99.3, pp. 526–529. doi:
10.1016/j.econlet.2007.09.039.

50

Hoskins, Martin (2000). “The effects of sectoral and technological changes on the skill
composition of employment in the United Kingdom 1951–91”. In: Economics Letters
69.1, pp. 101–107. doi: 10.1016/S0165-1765(00)00268-8.
– (2002). “Aggregation, technological change and the skill structure of the British Economy 1951-1991”. In: Applied Economics Letters 9.4, pp. 251–254. doi: 10 . 1080 /
13504850110060376.
Huh, Hyeon-seung and David Kim (2019). “Sources of fluctuations in hours worked for
Canada, Germany, Japan and the U.S.: a sign restriction VAR approach”. In: Applied
Economics 51.15, pp. 1634–1646. doi: 10.1080/00036846.2018.1528333.
Idris, Zera Zuryana, Normaz Wana Ismail, Saifuzzaman Ibrahim, and Hanny Zurina
Hamzah (2021). “The impact of high-technology trade on employment”. In: The
Journal of International Trade & Economic Development 30.4, pp. 512–529. doi:
10.1080/09638199.2020.1852301.
IFR (2020). International Federation of Robotics. Proprietary data on Industrial robot
Deliveries and Stocks. url: https://www.ifr.org/.
Ivus, Olena and Matthew Boland (2015). “The employment and wage impact of broadband deployment in Canada”. In: Canadian Journal of Economics/Revue canadienne
d’economique 48.5, pp. 1803–1830. doi: 10.1111/caje.12180.
Jerbashian, Vahagn (2019). “Automation and Job Polarization: On the Decline of Middling Occupations in Europe”. In: Oxford Bulletin of Economics and Statistics 81.5,
pp. 1095–1116. doi: 10.1111/obes.12298.
Jiang, Mingming, John Shideler, and Yun Wang (2019). “Factor substitution and labor market friction in the United States: 1948–2010”. In: Applied Economics 51.17,
pp. 1828–1840. doi: 10.1080/00036846.2018.1529397.
Jung, Jin Hwa and Dong-Geon Lim (2020). “Industrial robots, employment growth,
and labor cost: A simultaneous equation analysis”. In: Technological Forecasting and
Social Change 159, p. 120202. doi: 10.1016/j.techfore.2020.120202. url: https:
//www.ceeol.com/search/article-detail?id=955125.
Kaiser, Ulrich (2001). “The impact of foreign competition and new technologies on the
demand for heterogeneous labor”. In: Review of Industrial Organization 1, pp. 109–
120. doi: 10.1023/A:1011117710166.
Kim, David and Woo-Yung Kim (2020). “What drives the labor share of income in
South Korea? A regional analysis”. In: Growth and Change 51.3, pp. 1304–1335. doi:
10.1111/grow.12405.
Kristal, Tali (2013). “The Capitalist Machine: Computerization, Workers’ Power, and
the Decline in Labor’s Share within U.S. Industries”. In: American Sociological Review
78.3, pp. 361–389. doi: 10.1177/0003122413481351.
Kwon, Sang Jib, Eunil Park, Jay Y. Ohm, and Kyeongsik Yoo (2015). “Innovation
activities and the creation of new employment: An empirical assessment of South
Korea’s manufacturing industry”. In: Social Science Information 54.3, pp. 354–368.
doi: 10.1177/0539018415580190.
Labaj, Martin and Matej Vitaloš (2020). “Automation and Labor Demand in European
Countries: A Task-based Approach to Wage Bill Decomposition”. In: Ekonomický
časopis 68.9, pp. 895–917.

51

Leigh, Nancey Green, Benjamin Kraft, and Heonyeong Lee (2019). “Robots, skill demand
and manufacturing in US regional labour markets”. In: Cambridge Journal of Regions,
Economy and Society 13.1, pp. 77–97. doi: 10.1093/cjres/rsz019.
Luker, William Jr. and Donald Lyons (1997). “Employment shifts in high-technology
industries, 1988-96”. In: Monthly Labor Review 120, p. 12. url: https://heinonline.
org/HOL/P?h=hein.journals/month120&i=498.
Madariaga, Rafa (2018). “Factors driving sectoral and occupational employment changes
during the Spanish boom (1995–2005)”. In: Economic Systems Research 30.3, pp. 400–
421. doi: 10.1080/09535314.2018.1474182.
Manning, Alan (2004). “We Can Work It Out: The Impact of Technological Change on
the Demand for Low-Skill Workers”. In: Scottish Journal of Political Economy 51.5,
pp. 581–608. doi: 10.1111/j.0036-9292.2004.00322.x.
Marx, Karl (1988). “Economic and philosophic manuscripts of 1844 (M. Milligan, Trans.)”
In: Amherst, NY: Prometheus Books.
Maurin, Eric and David Thesmar (2004). “Changes in the Functional Structure of Firms
and the Demand for Skill”. In: Journal of Labor Economics 22.3, pp. 639–664. doi:
10.1086/383110.
Mondolo, Jasmine (2021). “The composite link between technological change and employment: A survey of the literature”. In: Journal of Economic Surveys n/a.n/a. doi:
10.1111/joes.12469.
Morrison, Catherine J. (1997). “Assessing the Productivity of Information Technology
Equipment in U.S. Manufacturing Industries”. In: The Review of Economics and
Statistics 79.3, pp. 471–481. doi: 10.1162/003465300556887.
Morrison Paul, Catherine J. and Donald S. Siegel (2001). “The Impacts of Technology,
Trade and Outsourcing on Employment and Labor Composition”. In: The Scandinavian Journal of Economics 103.2, pp. 241–264. doi: 10.1111/1467-9442.00243.
Mortimer, Thomas (1772). The Elements of Commerce, Politics and Finances, in Three
Treatises.. Hooper.
Nedelkoska, Ljubica and Glenda Quintini (2018). Automation, skills use and training.
OECD Social, Employment and Migration Working Papers No. 202. OECD. doi:
10.1787/1815199X.
Nordhaus, William D (2007). “Two centuries of productivity growth in computing”. In:
The Journal of Economic History 67.1, pp. 128–159. doi: 10.1017/S0022050707000058.
Oesch, Daniel and Jorge Rodriguez Menes (2010). “Upgrading or polarization? Occupational change in Britain, Germany, Spain and Switzerland, 1990–2008”. In: SocioEconomic Review 9.3, pp. 503–531. doi: 10.1093/ser/mwq029.
Oulton, Nicholas (2002). “ICT and Productivity Growth in the United Kingdom”. In:
Oxford Review of Economic Policy 18.3, pp. 363–379. doi: 10.1093/oxrep/18.3.363.
O’Mahony, Mary, Michela Vecchi, and Francesco Venturini (2021). “Capital Heterogeneity and the Decline of the Labour Share”. In: Economica 88.350, pp. 271–296. doi:
10.1111/ecca.12356.
Padalino, Samanta and Marco Vivarelli (1997). “The employment intensity of economic
growth in the G-7 countries”. In: International Labour Review 136.2, pp. 191–214.
url: https://heinonline.org/HOL/P?h=hein.journals/intlr136&i=201.

52

Page, Matthew J., Joanne E. McKenzie, Patrick M. Bossuyt, Isabelle Boutron, Tammy
C. Hoffmann, Cynthia D. Mulrow, Larissa Shamseer, Jennifer M. Tetzlaff, Elie A.
Akl, Sue E. Brennan, Roger Chou, Julie Glanville, Jeremy M. Grimshaw, Asbjørn
Hróbjartsson, Manoj M. Lalu, Tianjing Li, Elizabeth W. Loder, Evan Mayo-Wilson,
Steve McDonald, Luke A. McGuinness, Lesley A. Stewart, James Thomas, Andrea C.
Tricco, Vivian A. Welch, Penny Whiting, and David Moher (2021). “The PRISMA
2020 statement: an updated guideline for reporting systematic reviews”. In: BMJ 372.
doi: 10.1136/bmj.n71.
Pantea, Smaranda, Anna Sabadash, and Federico Biagi (2017). “Are ICT displacing
workers in the short run? Evidence from seven European countries”. In: Information
Economics and Policy 39, pp. 36–44. doi: 10.1016/j.infoecopol.2017.03.002.
Pellegrino, Gabriele, Mariacristina Piva, and Marco Vivarelli (2019). “Beyond R&D:
the role of embodied technological change in affecting employment”. In: Journal of
Evolutionary Economics 29.4, pp. 1151–1171. doi: 10.1007/s00191-019-00635-w.
Peng, Gang, Ying Wang, and Guohong Han (2018). “Information technology and employment: The impact of job tasks and worker skills”. In: Journal of Industrial Relations
60.2, pp. 201–223. doi: 10.1177/0022185617741924.
Perez-Arce, Francisco and Maria J. Prados (2021). “The Decline in the U.S. Labor
Force Participation Rate: A Literature Review”. In: Journal of Economic Surveys
35.2, pp. 615–652. doi: 10.1111/joes.12402.
Piva, Mariacristina and Marco Vivarelli (2004). “Technological change and employment:
some micro evidence from Italy”. In: Applied Economics Letters 11.6, pp. 373–376.
doi: 10.1080/1350485042000228222.
– (2005). “Innovation and employment: Evidence from Italian microdata”. In: Journal
of Economics 86.1, pp. 65–83. doi: {10.1007/s00712-005-0140-z}.
Raval, Devesh R. (2019). “The micro elasticity of substitution and non-neutral technology”. In: The RAND Journal of Economics 50.1, pp. 147–167. doi: 10.1111/17562171.12265.
Reijnders, Laurie S.M. and de Vries Gaaitzen J. (2018). “Technology, offshoring and the
rise of non-routine jobs”. In: Journal of Development Economics 135, pp. 412–432.
doi: 10.1016/j.jdeveco.2018.08.009.
Reshef, Ariell (2013). “Is technological change biased towards the unskilled in services?
An empirical investigation”. In: Review of Economic Dynamics 16.2, pp. 312–331. doi:
10.1016/j.red.2013.01.005.
Ricardo, David (1821). Principles of Political Economy, 3rd edition, edited by R. M.
Hartwell. Harmondsworth: Pelican Classics.
Ruttan, Vernon W (1959). “Usher and Schumpeter on invention, innovation, and technological change”. In: The Quarterly Journal of Economics, pp. 596–606. doi: 10.
2307/1884305.
Sala, Hector and Pedro Trivin (2018). “The effects of globalization and technology on
the elasticity of substitution”. In: Review of World Economics 154.3, pp. 617–647.
doi: 10.1007/s10290-018-0315-7.

53

Samaniego, Roberto M. (2006). “Organizational capital, technology adoption and the
productivity slowdown”. In: Journal of Monetary Economics 53.7, pp. 1555–1569.
doi: 10.1016/j.jmoneco.2005.06.002.
Sargent, Timothy C. (2000). “Structural unemployment and technological change in
Canada, 1990-1999”. In: Canadian Public Policy 26, s109–s123. doi: 10.2307/3552506.
Saviotti, Pier Paolo and Andreas Pyka (2013). “The co-evolution of innovation, demand
and growth”. In: Economics of Innovation and New technology 22.5, pp. 461–482. doi:
10.1080/10438599.2013.768492.
Scholl, Keller and Robin Hanson (2020). “Testing the automation revolution hypothesis”.
In: Economics Letters 193, p. 109287. doi: 10.1016/j.econlet.2020.109287.
Smith, Aaron and Monica Anderson (2017). “Automation in everyday life”. In: Pew
Research Center.
Strohmaier, R. and A. Rainer (2016). “Studying general purpose technologies in a multisector framework: The case of ICT in Denmark”. In: Structural Change and Economic
Dynamics 36, pp. 34–49. doi: 10.1016/j.strueco.2015.10.003.
Tether, Bruce S. and Silvia Massini (1998). “Employment creation in small technological
and design innovators in the UK during the 1980s”. In: Small Business Economics
11.4, pp. 353–370. doi: 10.1023/A:1008065115819.
Ugur, Mehmet (2019). “Innovation, technology adoption and employment: Evidence synthesis”. In: Handbook of Labor, Human Resources and Population Economics. Ed. by
Klaus F. Zimmermann. Springer International Publishing, pp. 1–23. doi: 10.1007/
978-3-319-57365-6_2-1.
Ugur, Mehmet, Sefa Awaworyi Churchill, and Edna Solomon (2018). “Technological
Innovation and Employment in Derived Labour Demand Models: A Hierarchical MetaRegression Analysis”. In: Journal of Economic Surveys 32.1, pp. 50–82. doi: 10.1111/
joes.12187.
Ugur, Mehmet and Arup Mitra (2017). “Technology Adoption and Employment in Less
Developed Countries: A Mixed-Method Systematic Review”. In: World Development
96, pp. 1–18. doi: 10.1016/j.worlddev.2017.03.015.
Vainiomaki, Jari and Seppo Laaksonen (1999). “Technology, job creation and job destruction in Finnish manufacturing”. In: Applied Economics Letters 6.2, pp. 81–88.
doi: 10.1080/135048599353681.
Van Reenen, John (1997). “Employment and Technological Innovation: Evidence from
U.K. Manufacturing Firms”. In: Journal of Labor Economics 15.2, pp. 255–284. doi:
10.1086/209833.
Van Roy, Vincent, DAniel Vertesy, and Marco Vivarelli (2018). “Technology and employment: Mass unemployment or job creation? Empirical evidence from European
patenting firms”. In: Research Policy 47.9, pp. 1762–1776. doi: 10.1016/j.respol.
2018.06.008.
Vivarelli, Marco (2014). “Innovation, Employment and Skills in Advanced and Developing Countries: A Survey of Economic Literature”. In: Journal of Economic Issues
48.1, pp. 123–154. doi: 10.2753/JEI0021-3624480106.

54

Vivarelli, Marco, Rinaldo Evangelista, and Mario Pianta (1996). “Innovation and employment in Italian manufacturing industry”. In: Research Policy 25.7, pp. 1013–1026.
doi: 10.1016/0048-7333(95)00878-0.
Vu, Khuong M. (2013). “Information and Communication Technology (ICT) and Singapore’s economic growth”. In: Information Economics and Policy 25.4, pp. 284–300.
doi: 10.1016/j.infoecopol.2013.08.002.
Wemy, Edouard (2019). “The labour income share and the relative price of investment
in the US: an empirical investigation”. In: Applied Economics 51.43, pp. 4711–4725.
doi: 10.1080/00036846.2019.1597254.
Whelan, Karl T. (2009). “Technology shocks and hours worked: Checking for robust
conclusions”. In: Journal of Macroeconomics 31.2, pp. 231–239. doi: 10 . 1016 / j .
jmacro.2008.06.003.
Wolff, Edward N. (2009). “Are computers driving real wages down?” In: Information
Economics and Policy 21.3, pp. 211–228. doi: 10.1016/j.infoecopol.2009.03.007.
World Bank (2021). World Bank Country and Lending Groups. Accessed on December
2021. url: {https://datahelpdesk.worldbank.org/knowledgebase/articles/
906519-world-bank-country-and-lending-groups}.
Xiang, Chong (2005). “New Goods and the Relative Demand for Skilled Labor”. In: The
Review of Economics and Statistics 87.2, pp. 285–298. doi: 10.1162/0034653053970393.
Yildirim, Durmuş cagri, Seda Yildirim, Seyfettin Erdogan, and Tugba Kantarci (2020).
“Innovation—Unemployment Nexus: The case of EU countries”. In: International
Journal of Finance & Economics. doi: 10.1002/ijfe.2209.

55

A.1 Search strings for Web of Science
TS=((automation OR technolog* OR digiti$ation OR robot* OR “artificial intelligence”) AND (labo$r OR *employment)) AND WC=(ECONOMICS OR MANAGEMENT OR BUSINESS OR BUSINESS, FINANCE OR SOCIOLOGY OR INDUSTRIAL RELATIONS LABOR OR DEVELOPMENT STUDIES OR SOCIAL SCIENCES INTERDISCIPLINARY OR HISTORY OR SOCIAL ISSUES OR URBAN
STUDIES OR GEOGRAPHY) AND LANGUAGE: (English) AND DOCUMENT TYPES:
(Article OR Book Chapter OR Early Access OR Proceedings Paper OR Review) Indexes=SSCI Timespan=1988-now

56

A.2 Additional Tables and Figures
Table A.1: Findings for each effect, including na/nr
(1)
support
share
#

0.54
69
support

share
#

0.50
64
support

share
#

0.18
23
positive

share
#

0.20
26

(2)

(3)
(4)
Replacement
depends weak no support
0.10
13

0.04
5

0.13
16

Reinstatement
depends weak no support
0.06
7

0.05
6

0.02
2

Real income
depends weak no support
0.03
4

0.02
2

0.03
4

Total employment
depends weak
negative
0.24
31

0.13
16

0.13
16

(5)
na/nr
0.19
24
na/nr
0.38
48
na/nr
0.74
94
na/nr
0.30
38

Notes: Columns (1)-(4) present the share and number (#) of studies
with empirical results that support, depend (on various characteristics, e.g. type of technology or level of analysis), are weak, and do
not support the presence of the effect considered in each row panel.
Column (5) presents the share and number of studies out of the total sample of studies which do not examine the effect of interest. The
row row-panels present results for the replacement, reinstatement, real
income and total employment effect. The total # of studies is 127.

Table A.2: Reinstatement effect by level
of analysis

share
#

(1)
macro

(2)
meso

(3)
micro

(4)
regional

0.33
26

0.34
27

0.28
22

0.14
11

Notes: Columns (1)-(4) present the share and number (#) of studies employing macro, meso, micro,
and regional level of analysis, respectively when reporting any type of finding on the reinstatement
effect.
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Figure A.1: Overview of the selection procedure of studies
Step 1
Based on the title and abstract, the
relevance ("yes", "maybe" or "no") of
each record was independently
assessed by two researchers against
inclusion criterion 1) Studies were
considered relevant if the independent
variable is related to technology and if
the dependent variable is related to
employment. Step 1 involved six
researchers.

Step 2
Records considered as (highly)
relevant ("yes"/"yes" and
"yes"/"maybe") were retained.
Records considered as (highly)
irrelevant ("no"/"no" and
"no"/"maybe") were disregarded.
Records with mutual uncertainties
("maybe"/"maybe") and strong
disagreements ("yes"/"no") were
subjected to further reviewing by a
third researcher.

Step 3
Based on the full-text, the relevance
of each record was independently
screened by one researcher using the
following four inclusion criteria: 1)
examines the effect of technology on
(un)employment; 2) has an empirical
element; 3) is not a literature review
study only; and 4) focusses on at
least one developed country. Step 5
involved three researchers.

Agreement: "yes"/"yes"
based on title and
abstract (highly
relevant)
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Disagreement:
"yes"/"maybe" based on
title and abstract
(relevant)

8,699 studies
initially retrieved
from Web of
Science

Strong disagreement:
"yes"/"no" based on
title and abstract
(relevance unclear)
Agreement:
"maybe"/"maybe"
based on title and
abstract (somewhat
(ir)relevant)
Disagreement:
"no"/"maybe" based on
title and abstract
(irrelevant)
Agreement: "no"/"no"
based on title and
abstract (highly
irrelevant)

Source: Author’s illustration.

252 studies in which
the independent
variable is related to
technology and the
dependent variable is
related to employment

Studies excluded by
third assessor

127 studies for
final sample
inclusion

