The Journal of the Economics of Ageing 26 (2023) 100476

ELSEVIER

Contents lists available at ScienceDirect

The Journal of the Economics of Ageing

Journal of the _
Economics
of Ageing

journal homepage: www.elsevier.com/locate/jeoa
Automation and aging: The impact on older workers in the workforce e
Rosa Aisa® ', Josefina Cabeza?, Jorge Martin *

2 University of Zaragoza. Gran Via, 2, 50005 Zaragoza, Spain

ARTICLE INFO ABSTRACT

Keywords:
Automation
Skills

Matching
Active aging
Retirement age

Developed countries are seeing advances in automation and, at the same time, their populations are aging. In this
paper we examine both phenomena using the delay in retirement age as a nexus. Although automation is freeing
workers from repetitive, hard work, older workers feel threatened by new automation advances which generate
skill mismatches. Two links are highlighted: First, since skill mismatches affect low-skilled older workers more
than those who are highly skilled, the latter will remain active for a longer period of time while the former will be

pushed to retire. Second, the highly skilled workers who decide to prolong their working lives are a valuable
resource for further automation advances because this technology continues to need human-assisted solutions.
Our analysis establishes an important role for adult training to fill the gap between initial education and the
demands of a rapidly changing labor market in order to encourage individuals to postpone their retirement and,
hence, to ensure the sustainability of the social insurance system.

Introduction

Today there is an ongoing and multifaceted process of automation
and digitalization which has been called the Fourth Industrial Revolu-
tion. Schwab (2017) characterizes the fourth industrial revolution as
physical (autonomous vehicles, 3D printing, robotics), digital (the
Internet of Things, Artificial Intelligence (AI), block chain), and bio-
logical (synthetic biology, gene editing). Although automation has
extended to all industrialized countries, significant inroads have been
made in countries with more rapidly aging populations. In this regard,
some empirical research supports a positive relationship between aging
and automation. By using data over the period 1993-2013 for 60
countries, Abeliansky and Prettner (2023) find that a 1 % increase in
population growth is associated with an approximately 2 % reduction in
the growth rate of automation density. In other words, those countries
with a slowdown of population growth - corresponding to a faster
population aging - invest more in the adoption of automation technol-
ogies. Their reasoning is that the older the demographic structure the
stronger the incentive to invest in automation capital since automation
acts as a substitute for the relatively scarce labor input. However, they
also admit as a possible explanation that aging countries are richer and,
hence, more able to invest in automation. Acemoglu and Restrepo
(2022) also find that aging, proxied by the higher ratio of older to
middle-aged workers, is positively related to the intensive use of robots
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and other industrial automation technologies. This effect is more
noticeable in industries which depend mostly on middle-aged workers
and those which have greater opportunities for automation. Interest-
ingly, they provide evidence that aging also boosts innovation in auto-
mation technologies. Making use of data from 103 countries, aging
appears positively associated with greater exports of automation tech-
nologies and, analyzing data from 69 countries, we can also see that
aging populations show a strong positive relationship with robotics-
related patents.

Most of the theoretical literature about the link between aging and
automation points to money saving as the key factor. Irmen (2021) es-
tablishes that aging encourages automation in the long run because
longer lifespans demand a more cautious approach to spending. Greater
saving allows for a higher accumulation of fixed capital which, in turn,
increases wages, and hence, the incentives for automation. Stahler
(2021) also connects aging to a higher level of savings. The higher
saving surplus linked to a longer life augments traditional and auto-
mation capital stocks which have a positive impact on the output. They
provide a caveat to this positive effect, since the share of active workers
in the economy falls, which harms production. If productivity increases
from automation overcompensates for the reduction of the labor force,
automation, aging and production evolve positively all together. In the
same line, Zhang et al. (2022) establish that an increase in longevity
leads to more savings and, hence, more investment in automation

2212-828X/© 2023 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:raisa@unizar.es
www.sciencedirect.com/science/journal/2212828X
https://www.elsevier.com/locate/jeoa
https://doi.org/10.1016/j.jeoa.2023.100476
https://doi.org/10.1016/j.jeoa.2023.100476
https://doi.org/10.1016/j.jeoa.2023.100476
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jeoa.2023.100476&domain=pdf
http://creativecommons.org/licenses/by/4.0/

R. Aisa et al.

capital. However, ambiguity about the effect of automation on output in
their analysis lies in the decline in employment of low-skilled workers
and, at the same time, the rise of both physical and automation capital
stocks and the employment of highly-skilled workers.

These analyses do not introduce the role of the current increase in
participation by older workers in the labor force, although population
aging is progressing hand in hand with a rise of labor force participation
among older adults. While it is true that there is a growing literature
over the effects of automation on labor market,” the evidence about the
impact of automation advances on the labor supply of older workers is
scant. Autor and Dorn (2009) claim that contractions in routine
employment as result of automation disproportionately increase the
share of workers employed in nonroutine jobs and only the youngest
highly educated workers exhibit upward occupational reallocation.
However, Nedelkoska and Quintini (2018) establish that those more
threatened by automation are precisely the youngest workers because
their occupational pattern relies mostly on elementary jobs most sus-
ceptible to automation. Anyway, there exists a consensus in literature
that educational attainment attenuates the link between automation and
workforce detachment (Brandes and Wattenhofer, 2016; Frey and
Osborne, 2017; Grigoli et al., 2020). In this paper we build a theoretical
framework that embraces automation, aging, a labor market whose
workers exhibit different skill levels and the decision of older workers to
prolong their working life or not. In particular, our model highlights two
mechanisms. First, automation has an unequal effect on the retirement
decision across different groups of workers. While one can surmise that
the advance of automation acts as a force that pushes all older workers
into retirement because of the obsolescence of jobs or skills, the most
affected workers will be the less-skilled. The idea behind our approach is
that automation moves those older workers who are less qualified
quickly toward retirement. The second mechanism is that those more
highly skilled older workers, whose jobs are less exposed to the risk of
automation and consequently, decide to prolong their working lives and
increase the amount of highly-qualified labor. This extra resource might
have a positive effect on technological advances, in particular automa-
tion. Innovation in automation requires prior knowledge but also ne-
cessitates human participation. For example, so-called hybrid
intelligence, which combines the complementary capabilities of humans
and artificial intelligence, has contributed to further advancements in
the robotics field, such as the management of multi-component robotic
systems (Duro et al. 2010). Automation allows for a wide range of tasks
to be performed with very little human intervention, especially routine
tasks, but innovation advances require creativity, intuition, judgment
and adaptability, which are intrinsic to human nature (Autor, 2015). For
this reason, an increase in the labor participation of highly-qualified
senior workers might provide additional resources for the research
sector, making future advances in automation more feasible. In this
scenario, we can appreciate that the links between aging and automa-
tion are bidirectional, acting as a channel of transmission on the
retirement decision of older workers.

The remainder of the paper is organized as follows. Section 2 pre-
sents the basic model and its equilibrium. Section 3 analyzes the im-
plications of longer life expectancy and a higher mismatch between
skills and automation advances on both the rate of participation of older
workers and the economic growth rate in the long term. Section 4
summarizes the main results and suggests some avenues for future
research.

2 See, among others, Graetz and Michaels (2018), Autor and Salomons
(2018), Acemoglu and Restrepo (2020).
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The model
Households

We make use of the household aspect of the model of Aisa et al.
(2012). Consider an overlapping generations economy. The population
of the economy is made up of individuals that live for two periods,
namely young and older age. The lifetime of an individual is uncertain.
Everyone lives during the first period, but ultimately dies with a prob-
ability p. Thus, survival to old age is not assured, with 1 —p being the
probability of remaining alive in the second period of life. We normalize
the size of each new generation to 1. Every individual of each generation
is identified with a different value of the sub index i, continuously
distributed along the interval [0,1]. Each individual is born with a
different skill level ¢;, also uniformly distributed along the interval [0, 1].
The assumption of a uniform distribution of the skills along the interval
[0,1] allows us to identify 6; = i.

Each individual belonging to generation t earns a wage income equal

to w,6;. A part of this income is consumed, c{' .» and the rest is saved, s;; =
w,0; —c{ .- The surviving older workers obtain a capital income R,15;; in
period t + 1, where R, is the rate of return on savings. Any (surviving)
older individuals may supplement their capital income by remaining in
the labor market and, thus, earning a wage wy16;,.16:€;:+1, where e;;.1
denotes their labor force participation and &;.,16; measures their effec-
tive skill level when older. That is to say, &;+1 captures the fraction of
youthful skill maintained in the second period of life, with 0 < ;41 < 1.
Thus, the older-age consumption of an individual i is given by ¢7,,; =
Riy1Sit + Wei16ie+10:€i 1. We assume that the older worker’s labor force
participation is a zero-one decision: e;;;; = 0 if he or she decides to
retire or e;11 = 1 if he or she decides to work during his or her second
period of life.

Every individual derives utility from youthful consumption c,,
older-age consumption c{,, ; and amount of leisure time if the individual
retires when older A. The expected utility of an individual i born in t is
given by:

: [ T
EU<d,z»C;.r+l’ei”+l) = [1 +}“(1 7ei-'+1)]] p[<1 7ﬁ> ( ﬁ+l> '
(€8]

Given the uncertainty about surviving the second period of life, the
expected utility derived from consumption and leisure when older ap-
pears multiplied by the life expectancy, 1-p. Parameter $ € (0,1) is
related to the intertemporal discount rate of consumption. A positive
discount rate for the future consumption requires ﬁ <1

Therefore, the representative individual i of the cohort born in t faces

the following optimization problem:
y 1=f ;0 B(1-p)
Voo 1- Ci, Ciut
y{?{ EU<q~tﬁci.,z+l’ei~’“>:[1+’1(179ivt+1)] p{(]lﬁ) < ; > };

S.t.is;,;, = w,0; — C?r @

Ny — o
ooy = Rigisiy + w16 10i€i011

€1 € 0{0> 1}5 Cry.rv C?_H»l >0

The problem can be solved in two stages. In the first one, individuals
decide about their levels of consumption when young and older, {c;} =

{cf’ >0,¢0, > 0}, which will depend on their decision about retire-

i,t+
ment in later life. In the second stage of life, they decide whether to
retire (g1 = 0) or not (e;1 = 1) by comparing welfare in the two
situations. The optimal consumption profile, conditional on the retire-
ment decision, is characterized by the following values of consumption
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when young and older, respectively:

. 1-p Wii16i410;
- 9,‘ . € 3
Cit 1—fpp (Wx + Roor 41 3)

1- w, 5,’ 0,'
s =1 i (o e e ) @
which imply an associate individual savings function given by:
1-p Wi10i110; }
Sip = ——— | pw0; — (1 — f) ——=—e;, 5)
=i - =gy,

As observed in previous literature about savings and aging, a longer
life expectancy increases individual savings, ceteris paribus. The reason is
that a higher probability of surviving into the second period implies a
higher probability of enjoying the consumption derived from savings in
the second period, which makes individuals reserve more income
(Reinhart 1999). Logically, the individuals who remain in the labor
market in the second period of life have saved less than those who decide
to retire: the former will earn an additional income w,; per unit of
effective labor supplied in the second period, while retired individuals
will receive no income in this period.

The second stage corresponds to the decision about retirement in the
second period. Individuals compare the welfare derived from the two
scenarios, given the optimal consumption decisions taken in the first
stage. By introducing these optimal values into the utility function, we
surmise that the level of welfare achieved by worker i who decides to
remain in the labor market when older is given by:

1-pp
w, 9[_ + Wei18i410i

EU(ei1 = 1) = Ry (1—p) P47 . ﬂz-l ©
whereas the welfare if he/she retires is:
wo '
EU(ei1 = 0) = (1+2) 7[Ry (1 = p) ™ (W) %)
- PP

An individual will be willing to participate in the labor market when
older only if the value of his or her utility in (6) is not lower than that in
(7), that is to say, if the following condition holds:

. A4
(Wﬁi +Wr+;e5,,x+19,> > (14 2)™ (w6,) ®)
1+1

At this point, we diverge from the work of Aisa et al. (2012) by
assuming a different skill-profile when older, in which the combination
of automation and aging plays a relevant role regarding productivity loss
in later years. This combination has recently received the name of aging-
and-tech job vulnerability, a term which represents the reduction in job
quality that older workers face because of both their own biological
aging and the automation of their job tasks (Alcover et al., 2021). The
skill-profile of individual i born in t when older takes the following
functional form:

(1-p)e;
o)

withy > 0,y > 0 and ¢ > 0. A; denotes the automation level in period t

9

5i.r+1 =

and Aj‘—tl represents the automation advances between tand t + 1. Eq. (9)
captures three ideas:

1. The expected individual skill loss from aging depends on the ad-
vances in automation in the economy in which this individual lives.
The Fourth Revolution is a locomotive that enables the economic
advancement of economies at an aggregate level, but it also causes
negative external effects such as the mismatch between the new skills
required and the skills possessed by workers. Those senior workers
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who live in countries in which automation and digitalization are
advancing at a very rapid pace will suffer from a process of marked
skill obsolescence or skill misalignment. This negative externality
does not emerge in countries when automation and digitalization
advances hardly affect their productive structure. Empirical evidence
gives support to this idea highlighting that the current changes in the
labor market, mostly tied to automation and digitalization, have
increased the perception of job insecurity of older workers who feel
intimidated by new technologies (Burgard and Seelye, 2016). The
parameter y is the automation elasticity of the decline in skills and
gives the percentage change in the skill decline with age when there
is a one percent increase in automation progress, holding everything
else constant.

2. Aging decreases the physical, cognitive, and socio-emotional abili-
ties of individuals per se, but this decline resulting from aging is
lower when life expectancy increases. Even in a context without
automation advances (As1 = A;), each individual suffers an un-
avoidable decline in skills in old age (Rizzuto et al. 2012). However,
the decline is slower when longevity improves because of what is
known as the compression of morbidity (Costa, 2002). The
compression of morbidity means that the burden of lifetime illness is
compressed into a shorter period before the time of death and, hence,
both physical and cognitive abilities are extended into old age. The
parameter y gives the percentage change in the fraction of youthful
skill maintained in the old age when the life expectancy level rises in
a one percent, maintaining everything else constant.

3. The combined effect of automation and aging threaten older workers
in a nonhomogeneous way, in such a way that low-skilled senior
workers are more adversely affected by the mixture of aging and
automation than highly-skilled workers. Low-skilled individuals are
working in jobs threaten by a higher risk of automation® (Brandes
and Wattenhofer, 2016; Frey and Osborne, 2017; Nedelkoska and
Quintini, 2018, Grigoli et al, 2020) and, hence, automation will
displace them more straightforwardly into retirement, if they are
eligible for it, than highly-skilled workers. Additionally, empirical
evidence also establishes that low-skilled workers participate in
fewer retraining activities since they face limited opportunities for
on-the-job learning and thus are more affected by skill misalignments
derived from the advances in automation and digitalization (Fouarge
et al.,, 2013; Ruhose et al., 2019). The parameter ¢ measures how
sensitive the skill decline as consequence of the aging is to the skill
level of each individual, keeping everything else constant.

Incorporating (9) into (8), individuals’ decision about retirement is
determined by their skill level, which is the element that introduces
heterogeneity across workers in our model. In particular, there is a
critical skill level 6;+ .1 such that workers whose skill level exceeds this
critical value, that is to say, those from i;,; to 1, obtain more utility
remaining in the labor market in the second period of life, while those
with a lower skill level (those from O to l; 1) decide to retire:

1—p)o.
Wi ( p) i1 > Aw, (10)

7]
A,
Rt (%)

where A = (1 + ﬂ)l% —1 > 0. On the one hand, a higher relative wage in
the second period of life, a higher expectancy level and a higher skill
level act as stimulus for remaining in the labor market. On the other
hand, the leisure associated with retirement captured by the term A, a
higher skill misalignment as consequence of automation advances, and
higher savings returns act as incentives for retirement. By putting
together these factors, we surmise that highly-skilled individuals have

3 Nedelkoska and Quintini (2018) point out an exception: some relatively
low-skilled workers such as personal care workers.
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more incentive to remain working while low-skilled individuals choose
to retire. This outcome conforms to the bulk of the empirical evidence,
that the more skilled individuals or, in other words, those with the
highest levels of education, tend to retire later (Taylor et al., 2014;
Virtanen et al., 2017; Carlstedt et al., 2018), even in environments
highly automated (Casas and Roman, 2023). We can rewrite (10) in
terms of the participation rate of older people in labor market z,,; as:

1

v
Arpi
WiR. i1 ( X’ )
A— N7

wiei (1 —p)

Zp1 =1 — (11)

with 2¢1 =1 -0, ) and 0 < 2,1 < 1.
t+
Once we have characterized the optimal consumption and retirement
of people, the characterization of individuals’ behavior is closed by
calculating the cohort-specific consumption growth rate:

U, .
i _ (=P o chndi _p=p)
c el di -5 "

(12)

This cohort-specific consumption growth rate measures the growth
of consumption of the younger cohort in period t to the next period t + 1
and it differs from the aggregate consumption growth rate measures the
growth of consumption of all individuals living in period t to all in-
dividuals living in the next period t + 1. The former focuses on a single
cohort, while the latter considers different cohorts. When the economy is
on its long-run balanced growth path, the cohort-specific and the
aggregate consumption growth rates become equal (Baldanzi et al.,
2019).

Production

The economy is formed by four production sectors: a final product
sector, two intermediate task sectors, and a research sector. The final
product is produced competitively by combining units of non-automated

tasks xj; and units of automated tasks x;,, following this equation:

N, a A ]
Y, = / (%) @ / ()" du 3)
0 ’ 0

where 0 < @ < 1. Y; denotes the final product level in period t, N; and A,
are the number of non-automated and automated tasks in period t,
respectively, and a measures the productivity level of non-automated
tasks. Our model embodies a task framework close to that detailed in
the papers of Acemoglu and Restrepo (2019) and Hémous and Olsen
(2022), who distinguish between tasks which have not been techno-
logically automated in the sense that they are produced by using labor
only, and tasks which have been automated and it is profitable to pro-
duce them with capital alone. In other words, it is assumed that capital
has a comparative advantage in automated tasks, while labor has a
comparative advantage in non-automated tasks, being automated and
non-automated tasks complementary at the aggregate level. An example
is the financial market. Banks make use of automated tasks to process
documents (e.g., invoices) and to get customer data (e.g., process mining
to risk mitigation), but also use non-automated tasks such as the per-
sonal attention of financial advisors (Zhang et al, 2021). This comple-
mentarity between automated and labor-intensive tasks at aggregate
level is also assumed by Aghion et al. (2019).

Because the final product is produced competitively, the prices of
each unit of task equal their marginal products:

i aY. At l—a N a—1
9 = a;g = a/o (xﬁz) du (xﬂ) a4

aY; N a —a
d =g = -a) [ () ait) 15)
0

ut
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where ¢} and gj, are the prices of the non-automated task j and the

automated task a, respectively. For simplicity, we assume that each non-
automated task j is made by self-employed workers in such a way that a
unit of non-automated task requires a unit of labor weighted by the skill
endowment of each worker. The total labor of the economy L, is the sum
of labor units supplied by workers weighted by their level of skill, being
a share assigned to non-automated tasks, L} = ;V ¢ (xj;) dj and the rest
allocated to the research sector, as will be explained below. Thus, ¢, =
wi, with w!' denoting the wage rate in the non-automated tasks sector.

Each automated task u is produced by a single monopolistic
competitive firm which uses capital as input and is infinitely protected
by a patent,p. This firm maximizes its profit 7}, = qj,x;, —Texy,, subject
to its demand given by Eq. (15). As usual, the optimal solution is ob-
tained from equalizing the marginal income to marginal cost:

"N; «
(1-ay / () aite) " =n (6)

where r; is the interest rate. Because of xj, = xj and x, = x{, the profit of
whatever monopolistic competitive firm takes the following value:

R an

Each monopolistic firm benefits from a mark-up which allows them
to pay the price of the patent that gives it the exclusive right to provide a
particular automated task. Consequently, the value of the patent must be
equal to the sum of the discounted present value of the profit flow.
Derived from this, the following no-arbitrage condition is obtained
(Futagami and Konishi, 2019):

reip} = +ply, —py (18)

Following Romer (1990), the research sector uses as inputs both
previous knowledge about automation and labor units weighted by skill
level:

A=A = BA[—IL?4 (19)

where A; —A;_1 measures the onset of new automated tasks, B is a scale
parameter and L4 represents the amount of labor weighted by the skill
level devoted to automation progress. Each new advance in automation
corresponds to a new automatized task, so A is a count of the number of
automatized tasks. We assume that advances in automation expand the
set of automated tasks and, at the same time, the discovery of automated
tasks is more feasible. For instance, computing software which performs
data mining and data organization, paves the way for further in-
novations in automation or digitalization. Even so, human participation
and human capabilities such as creativity, flexibility and intuition are
indispensable in the innovation process. Developing new innovations is
inherently complex and difficult to fully replace with Al Therefore, the
nexus of the automation and humans in charge of implementing it helps
innovation processes by reducing both their riskiness and their cost
(Haefner et al. 2021). This differs from Acemoglu and Restrepo (2019)
and Hémous and Olsen (2022), who consider that automation innova-
tion modifies the manufacturing process of existing tasks by changing
from a manual production method to an automated one while, at the
same time, new non-automated tasks are created. As a result, labor re-
mains necessary. Our model reflects that automation becomes increas-
ingly important in the economy since automation innovations increase
the number of automated tasks while the non-automated tasks number
remain constant. Labor is required because the creation of new robots or
software or other automation advances will always require human
intervention. In addition, whereas the analyses of Acemoglu and
Restrepo (2019) and Hémous and Olsen (2022) highlight the displace-
ment of workers from jobs more susceptible to automation toward new
jobs in which labor has a comparative advantage, our framework
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emphasizes the displacement of older workers toward retirement as a
result of skill mismatches intrinsic to automation.
The growth rate of automated tasks ga, is:

Az 7At—l

1 = BL} (20)
t—1

8Ar =

Automation innovation is made by competitive firms which leads to
the fulfillment of the condition p?BA, = w#, being w? the wage rate in
the research sector.” Observe that the stock of technological knowledge
of the economy as a whole is non-rival, but each monopolistic compet-
itive firm is protected by a patent which covers the costs of its auto-
mation investment.

Equilibrium and balanced growth path

Incorporating K; = Axx{ and L} = N;x} into Egs. (14) and (16), we
obtain the wage rate in non-automated sector and the interest rate:

~l—a

o = aN, ™"k, (21)
r=(1-a’N"%" (22)
where k =3 LN is the effective capital and o} = % Y s the effective wage

rate. Assuming as usual a perfect annuity market (Blanchard, 1985), the
capital income unexpectedly left by workers who die at the end of their
first period of life is shared by the workers who survive to old age, which

determines a return on savings equal to R; = {T'p.

Regarding the inputs, the amount of total labor weighted by the skill
1

level is the sum of the average skill level of young individuals, § = /
0

idi =1, multiplied by their size (normalized to 1), and the average skill
/ )1+0
level of the surviving older labor force, 60, = 111'“ iy
)
@y 1w multiplied by their size, 2, that it is to say:
Zz(1+g/\,z)w 2+0 > ) At y:
1 1_ r+11_1_22+6
PRI U (k) 23
2 ( 1+ gA,t) 240

Observe that a higher skill misalignment because of advances in
automation has twofold negative effects on the elderly labor supply. On
the one hand, the skill level of those senior workers who decide to
remain in the labor market lowers and on the other hand, the number of
senior workers who decide to retire increases. Therefore, in those aging
countries in which automation progress makes the decline of skills
sharper as the population ages, the participation of older workers will be
lessened and less productive.

Focusing now on the capital input, its aggregate stock K; can be
calculated as the sum of the individual savings from all the members
belonging to the cohort born in t-1, those who retire and those who keep
working:

(1 "(1-p w;3:,0;
k= | (T e [ (7)ot -m

(24)

Incorporating (5), (9), (21), (22) and w} =w? =w, to Eq. (24), it can
be written as:

* When p2BA, < w/, research in automation is not conducted because the

profit of the firms in this sector is negative.
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(1PN B (T4ga) (1 =B = p)E,
Kr—Ot(m) {ENfll - e Qa) A,

(25)

with Q(z,) = % This equation shows that, although higher life
expectancy levels imply greater savings to financially secure the period
of old age, individuals who choose to extend their working life save less.
Therefore, the aggregate stock of capital depends negatively on the
elderly labor participation since those individuals who remain working
when older decide to save less because of the extra wage income ob-
tained from the longer working life. Interestingly, the effect of the
automation growth rate has an ambiguous effect on the aggregate sav-
ings, playing a key role the elasticity of skill misalignment to automation
advances y. The intuition is as follows. Like in Irmen (2021), in our
model automation advances appear as labor-augmenting technical
change, which positively affects labor productivity and, hence, boosts
wages over time. However, automation advances also damage individ-
ual labor productivity via aging-and-tech job vulnerability. If w < 1
older workers who choose to extend their working lives benefit from a
higher wage than in their youth which compensates to a greater extent
for the decline in their individual productivity due to their aging and
skill mismatch. This pushes them to save less to finance the consumption
in the second period and, hence, faster automation advances go hand in
hand with a lower aggregate saving. However, if the skill mismatch
resulting from automation advances is noteworthy, yr > 1 these workers
anticipate a loss of purchasing power, which leads them to save rela-
tively more. Finally, when y = 1, both opposite effects offset each other.

Substituting (21) and (22) into (11), the following association among
the elderly labor force, the automation progress and the effective capital
level is obtained:

(26)

for any given Ec-r Expression (26) shows that the higher the effective
capital level, both the higher the wage rate and the lower the interest
rate, and hence, the greater the incentives to remain in the labor market.
Therefore, this expression shows a positive relationship between the
effective capital level and elderly labor supply, all other variables being
equal. Consistently with Eq. (25), the relationship between the effective
capital level and the automation growth rate can be positive, null or
negative depending on the automation elasticity of the decline in skills
when old, being the explanation in economic terms equal. Skill
misalignment as a consequence of automation advances accelerates the
decline of individual productivity as individuals become older and, at
the same time, these advances act as labor-augmenting technology at an
aggregate level.

Additionally, the fraction of effective labor assigned to the non-

automated task sector, [ = ‘ , and automation advances, i = £ will

L >
be constant in equilibrium because both the labor remuneration and the
labor productivity growth rate® is the same regardless of the sector.
Therefore, ' =" and I =14, withI" + * = 1.

From Egs. (23) and (25), and rewriting L} = ["L;, we obtain that:
w1

~ 1+ a
DI ﬁf( )g) N @7)
1-pp)(1-1A 1-pp) (11 (1-p)
a(l-p) a + (1-a)? 2(1 -

P)Q(z)

As Eq. (24), Eq. (28) also highlights the two opposite effects of

5 The labor share of each sector would evolve over time by assuming a
different labor productivity growth rate among sectors (Hashimoto and Tabata,
2010).
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automation progress on labor productivity since automation (or digita-
lization) progress is the engine of economic growth and, simultaneously,
automation provokes a gap between the skills offered by senior workers
and those demanded by new production methods.

Equations (26) and (27) determine the dynamic behavior of the
economy. Equalizing both equations:

Al —a)’ I/

(L=py"(1=2)" an(-r)  [am(#) | a
o(1-p) « (I~

3

32 2(1 = p)Q(z)

can be observed that there is no transitional dynamics in the elderly
labor participation z, which always takes its long-run value, z* and,
neither effective labor force L* nor the growth rate of automation
progress, g4* show transitional dynamics. Only changes in the structural
parameters of the economy could explain a change in the elderly labor
participation and the growth rate of automation innovations. However,
according to Eq. (26) (or (27)), the capital-effective labor ratio evolves

along the time approaching the long-run value k,as depicted in Fig. 1.

In the steady state, the aggregate consumption, the cohort con-
sumption, the aggregate capital, the aggregate production, the wage rate
and the number of automated tasks grow at the same rate, g*, while the
rate of interest, the activity rate of older people, and the number of non-
automated tasks are constant.

From Egs. (12), (22) and (26) evaluated at the steady state, we obtain
the following relationship between elderly labor participation and the
economic growth rate in the steady state:

% 1- A 1 N4

F=1- [ﬂil_—ng] Y14 g) (28)
It holds that:

dz’ L—pA |, N

Equation (28) establishes that the economic growth rate negatively
affects elderly labor participation through two channels. The first one is
via the mentioned skill misalignment linked to automation and digita-
lization advances. The faster new techniques that spread automation
and digitalization in the economy, the easier it is for a mismatch to arise

Fy=hy-y

T AQ-? A+ INT L,
k= -1

A-pyt -z

ki

Fig. 1. Dynamics of capital per effective labor.
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between these new methods and the current skills of senior workers and,
hence, the higher the incentives to retire. The second one is via the in-
terest rate. Equation (12) evaluated at the steady state shows that a
higher rate of economic growth will be accompanied by a higher interest
rate, that it is to say, a greater return on individual savings, which in turn
will reduce the incentive to continue working during old age. In other
words, Eq. (28) captures the elderly labor supply curve in relation to the
progress in automation and digitization in the steady state. Note that this
curve can be concave, lineal or convex, depending on the ratio of the
elasticity y (the impact that advancements in automation at aggregate
level have on the individual skill decline as they become older) and the
elasticity o (how long an individual retains the skills of his or her prime
working life).

By using Egs. (12), (14), (16), (17), (18), (20), and (23) evaluated at
the steady state (see Appendix 1), another association between elderly
labor participation and the economic growth rate in the steady state can
be obtained:

) CHo+g) . B (1-p) . =
e =l {1 B(1—p)" {g 2+/f(1—1?)(1—a)(1+g>”
@9

with g — 3+ 00— (14 ¢))0.
It holds that:

dzr 1 1_ 2+0 { B) +¢%)
dg* _B(l o) o)y g %)
(1 7ﬁ) y/+l ZM
ﬁ(l -p)(l-a)
W

e S

Equation (29) captures the elderly labor demand curve in relation to
progress in automation and digitization in the steady state. This curve
captures that the engine of economic growth is automation innovation
which, in turn, requires effective labor as an input. Although current
automation makes future automation innovations, humans embed
creativity, adaptability and judgment, qualities that machines now or in
the near future do not possess, but are extremely necessary for innova-
tion. The faster automation advances, the greater the demand for
effective labor resources by the research sector, regardless of whether
this input comes from young workers or highly skilled older workers.

Choosing y > 1 ando € (0,1),° the graphical representation of Eqgs.
(28) and (29) is shown in Fig. 2. The equilibrium in steady state is
labeled as the point E. It may seem surprising that the supply curve is
decreasing while the demand curve is increasing. The reason is that
these are not the usual curves that relate the price of the input with its
supply or demand, but in this case, they relate the demand and supply of
effective labor input from senior workers with the degree of innovation
in the economy. On one hand, in this model it has been assumed that
future advances in automation will require qualities that are only pre-
sent in humans. This assumption, together with the assumption that
current advances in automation favor the emergence of new break-
throughs, explains that the higher the pace of innovation, the greater the
demand for effective labor, and therefore the greater the demand for
skilled senior workers with the necessary qualities to innovate. On the
other hand, it has been highlighted that the advances in automation
make it inevitable that there will be a mismatch between current and
future skills. This fact pushes older workers toward retirement, and as a
result, very rapid advances are negatively related to the participation
rate of older workers in the labor market.

6 Another parameter option might change the shape of elderly labor supply
and demand curves (convex, lineal or concave) without modifying the results.
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Fig. 2. The activity rate of old people z* and the economic growth rate g* in the
steady state.

Fig. 2 establishes that the existence of an interior solution requires
the fulfillment of the following condition:

pU-p)? [ 2+ (i-p B\
A< {1 B(1—p)™! [ﬂ(l—p)(l—a) 2}}

(1-p)
which it holds when the utility of leisure from retirement A is not suf-
ficiently high to make an interior solution impossible. Otherwise, all
individuals would decide to retire in their second period of life.

Results and discussion

Based on Egs. (28) and (29), it can be deduced that the relevant
parameters regarding economic growth g* and the labor force partici-
pation rate of older people z* are A, which captures the utility of leisure
time in the second stage of life; 5, which measures the elasticity of the
decline in skills that each individual experiences as they age with respect
to the skill level that the individual exhibits during their working life in
adulthood; 1-p, which reflects the individual’s life expectancy and also
reflects their health level when facing active retirement; and ¥, which
reflects how advances in automation in the economy increase the gap
between the individual’s skills and the skills that companies need.
Among these four parameters, public intervention plays a role in
changes in longevity 1-p and in the degree of mismatch between the
skills possessed by older workers and the skills required by new ad-
vances in automation . In this section, the effects of changes in these
parameters are analyzed. Furthermore, some interventions that promote
automation advancement and an extension of working life are explored,
with the purpose of identifying which measures may help with the
financing of social security systems.

Regarding longevity improvements, an increase in parameter 1-p
corresponds to a greater compression of morbidity, meaning that the
decline in productivity of any worker due to aging becomes less pro-
nounced. Besides, as longevity improves, the premium from the annuity
market decreases. On one hand, an increase in life expectancy increases

the utility of leisure < a(f’j 57> 0 ) , which pushes some toward retirement.

If £1_p » which represents the elasticity of A with respect to I-p is enough
fall, these forces provide an incentive to individuals to extend their
working life, leading to an increase in the labor supply of older workers.
In graphical terms, the elderly labor supply as a function of automation
advances moves to the right. Concerning the elderly labor demand, Eq.
(12) evaluated at the steady-state equilibrium indicates that, for the
same economic growth rate, an increase in the probability of surviving
the second period leads to a decrease in the interest rate. As a
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consequence, automated companies face lower costs, which, in turn,
encourages the purchase of patents. As a result of the increase in
research activity, the demand for older workers, equipped with crea-
tivity, intuition, experience, and good judgment rises. This shifts the
labor demand curve for senior workers to the right. Fig. 3 illustrates both
curves’ movements. It is clear that an improvement in longevity or, in
other words, a greater compression of morbidity increases the pace of
automation advances. The effect on the labor participation of older
workers in the labor market is graphically ambiguous but it can be
shown that the elderly participation in the labor market rises for &;_p s <
1 (see Appendix 2).

Focusing now on the parameter ¥, an increase in the mismatch be-
tween the skills possessed by older workers and the skills required by
new advances in automation pushes workers more strongly towards
retirement because the decline in skills linked to age-and-tech vulnera-
bility becomes sharper. As a result, the labor supply of older workers
decreases. The effect is twofold: a lower share of skilled older workers
will decide to remain in the workplace and those who remain working
will be less productive due to a higher skill mismatch. This moves elderly
labor supply as a function of automation innovations to the left. With
respect to the demand of elderly labor, in this framework the parameter
y does not cause any reallocation of workers between the manual task
sector and the research sector (see equation (1.iv) in Appendix 1), but
the fact that workers become less productive reduces economic activity
in both sectors, leading to a lower demand for effective labor input and,
hence, pushing elderly labor demand to the left. As a result of the decline
in labor supply and demand, the economic growth of the economy de-
creases, as well as the labor force participation rate of older workers in
the job market (Fig. 4). The latter can be analytically verified (see Ap-
pendix 3).

The obtained results support that the greater the compression of
morbidity (higher 1-p) and/or the smaller the gap between the skills that
senior workers possess and those demanded by advances in automation
(lower y), the higher the economic growth and the participation rate of
older individuals. Logically, both effects have a positive impact on the
sustainability of social security finances. Our framework is not rich
enough to give a recommendation on how to increase 1-p, except for the
need for preventive health throughout the working life, not just at the
end of it. More can be said with respect to how to reduce y. Lifelong
learning, particularly when close to retirement age, emerges as an
effective tool both to mitigate the tension from emerging skill re-
quirements and keeping senior workers in the labor market longer.
Automation advances offer workers the opportunity to prolong their
careers via collaborative robots and intelligent tools and, at the same
time, require continuously evolving skills to optimize the technology

L
I / Elderly labor demand
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Fig. 3. Effects of an increase in life expectancy (higher 1-p) on the activity rate
of old people z* and the economic growth rate g*.
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Fig. 4. Effects of worsening matches between skills and automation advances
(higher y) on the activity rate of old people z* and the economic growth rate g*.

(Calzavara et al. 2020). Closing the gap between the current skills of
senior workers and the skills required by automation and digitalization
necessitates training courses targeted at this group. The questions that
immediately emerge are many: Should all senior workers participate in
these training courses? Who finances these training courses? Should it
be the workers themselves, the companies, or the government through
taxes? If it’s the government who provides training courses, in which
group (workers or firms) should these taxes fall, and what type of taxes
should they be?

Our analysis points out that not all the elderly workers close to their
“normal” retirement age’ should participate in training courses to up-
date their skills. When older workers freely decide on their training, only
those whose skill level is lower but closer to the 8;« level and those whose
skill level is higher than this level will opt to take these training courses.
Additionally, it must be fulfilled that the decrease in vulnerability
related to aging and technology as a result of this training must
compensate for the cost of that training. If workers have very low skill
levels, they will choose not to undergo training, because they desire to
retire with or without training. Only those close to the 6;- level and those
higher to this level will opt to undergo training if the benefits of this
training are higher than its costs. Consequently, the target population
for training should be older workers who are already considering
extending their working lives but lack updated skills, as well as those
with lower qualifications but close to the 6;- level, who would change
their minds and extend their working lives after receiving the training.

Who should pay for this training? The cost of this training might be
borne by individuals who benefit from this extra training. The
employing companies also might finance the training, but in our model,
the cost will be passed on to the workers due to the assumption of a
perfect competition context. If the employer decides to finance the
training cost in a proportional way to the workers’ wage, those in-
dividuals who still find it convenient to retire before or after training
will be the losers. The government also might provide the training. In
fact, some governments are implementing Individual Learning Accounts
which are targeted directly towards individuals to give them autonomy
in their upskilling decisions. This policy tool seems to be achieving

7 We define the normal retirement age as the age at which people usually
leave the labor market. The concept of what constitutes “normal” retirement
age depends on several contextual factors, including sociodemographic char-
acteristics, cultural and organizational norms, and country-specific government
pension and employer-provided pension rules (Fisher et al. 2016). Additionally,
the OECD defines the normal retirement age in a given country as the age of
eligibility of all schemes combined without penalty,based on a full career after
labor market entry at age 22 (OECD,2021).

The Journal of the Economics of Ageing 26 (2023) 100476

positive results (Vodopivec et al., 2019) because it takes into account
workers’ heterogeneity. However, as has been evident before, a linear
tax on all workers is not optimal. Another option for financing this
training could be the so-called “robot tax”. In a world where machines
and robots are increasingly prevalent, the tax on robots is generating a
wide debate both at the academic level and on the street. In our model,
since automated task firms are not competitive, taxing their revenue
could lead to an efficiency loss, as it would distance them further from
the competitive solution. A lump-sum tax or a benefit tax would not
cause such distortion, which is according to recent analysis in a much
more realistic environment with income tax restrictions. For example,
Guerreiro et al. (2022) establish that a non-zero robot tax is generally
optimal. Gasteiger and Prettner (2022) add the nuance that a robot tax
raises per capita income as the robot tax is comparatively low and for a
closed economy. The explanation is that a relatively high tax might
discourage increased adoption of automation and, in the context of an
open economy, the effective implementation of a robot tax necessitates a
collective effort by all countries to prevent the relocation of production
to regions where no such tax is imposed. They also claim that a robot tax
cannot induce a takeoff toward positive long-term growth. Prettner and
Strulik (2020) go further by asserting that a robot tax does damage
economic growth by reducing the incentives to invest in automation. On
the whole, the tax on robots is a complex and open question with no
clear answer (Costinot and Werning, 2023).

Additionally, besides this economic perspective, one must not forget
that the perceptions and opinions of the workers and employees them-
selves also play a relevant role. Managers are reluctant to train workers
near retirement, who they perceive as less flexible and less resilient to
changes (Caliendo et al. 2023). Older employees seem to be less moti-
vated to adapt to new technologies, which are frequently perceived as
difficult to use (Hauk et al, 2018). The stereotype of older workers being
less willing to engage in self-development might instill a reduced in-
terest in training on the part of firms and workers (Zwick, 2015). In this
context, a better understanding of how human resource management
practices can support the age-diverse workforce is becoming crucial.
Fasbender et al (2022) find that employees’ supervisors have an
important role by fostering a positive attitude among their employees
toward news technologies through age-specific mentoring programs and
by giving job autonomy to older employees. Self-reflective interventions
among supervisors towards raising awareness of the challenge of
reducing aging-and-tech job vulnerability have been effective, and
might slow the loss of the intellectual capital and the relational capital
experienced employees bring, with their extensive professional
networks.

It is worth noting that our analysis is based on a simple and particular
specification on the age-productivity profile. Alternative modeling of
the decline of productivity as people age might have been considered.
Previous empirical evidence is not conclusive and the age-productivity
profile is still an open question. Some studies have estimated age-
productivity profiles that increase up to the age of 50-55 years, and
then remain flat (Cardoso et al., 2011). Dostie (2011) and Mahlberg
et al. (2013) find a concave relationship between age and productivity
level. Borsh-Supan and Weiss (2016) do not detect a decline of pro-
ductivity among older workers. Closer to automation and digitalization
issues, Ilmakunnas and Miyakoshi (2013) find that the effect of the
interaction between Information and Communication Technologies
(ICT) and aging on productivity varies quite a lot from one country to
another. This view is supported by Lee et al. (2020) who detect a com-
plementary effect between ICT capital and older workers for both
highly- and less-educated workers in Japan, but only for less-educated
workers in Korea. It is likely that the age-productivity profile depends
on the time and place in which individuals’ working lives run and the
characteristics of the job they perform. Deeper research is required.

Another important caveat of this framework is that it has been
assumed to be a fully R&D-based endogenous growth model. As a result,
the effective labor input must be constant because a growing effective
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labor input would imply an increasing economic growth rate, a char-
acteristic known as the scale effect problem (Jones, 1995). However,
recent empirical evidence (Kruse-Andersen, 2023) provides support
semi-endogenous R&D-based models, e.g., Li (2001), as well as a
particular model of less-than-exponential growth designed by Groth
et al. (2010). Exploring these frameworks embedded in inevitable skill
mismatches among present and future skills of senior workers together
with endogenous retirement decisions is in our research agenda.

Conclusions

The present paper addresses the role of older workers’ labor partic-
ipation in the association between aging and automation. The inclusion
of an endogenous retirement age for individuals allows for behavioral
adjustments as a consequence of both population aging and automation
advances. Aging pushes highly-skilled senior workers to remain active
which fuels automation innovation because those who delay their
retirement are those endowed with indispensable skills to innovate.
Therefore, improvements in longevity induce a positive level effect on
the highly-skilled older labor supply which, in turn, positively affects
automation advances. Furthermore, as the economy grows, wages grow
at the same rate which also acts as a force in favor of delaying the
retirement of high-skilled individuals. Meanwhile, automation advances
also provoke a misalignment with existing skills which jeopardizes the
permanence of older workers in the labor market, mostly those less
skilled. In other words, automation advances emerge as a force which
pushes those largely senior workers who are less-skilled toward retire-
ment, and/or those whose skills become outdated.

Imposing restrictions on early retirement plans and/or increasing the
age of compulsory retirement are at the heart of the policy agenda in
many OECD countries. These countries are pushing more workers to-
ward a later exit from the labor market (OECD, 2021). Our analysis
highlights that these measures are not sufficient to ensure that workers
continue working at an older age. Automation might penalize longer
working lives if older workers have limited training possibilities for
continuously upgrading their skills hand-in-hand with advances in
automation. The access to lifelong learning emerges as a key factor. In
the context of aging and in which developed countries are moving to-
ward knowledge-intensive activities, the amount of effective labor is
becoming more dependent on the upskilling of the current workforce
than on the up-to-date skills of new labor market entrants. New

Appendix 1:. Derivation of Eq. (29)

By evaluating Egs. (14) and (16) at the steady state,8 we obtain:

a
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automation technologies are reshaping the employment landscape and
managers should be given guidance and greater encouragement to
ensure an accessible pathway to continuous upskilling of workers who
are considering the possibility of extending their working lives. The role
of governments is to build well-adapted adult learning systems to tackle
skills obsolescence and maintain the employability of older workers. The
question of who bears the cost of this training in economies that are
becoming increasingly automated is a subject of debate.

Moreover, the growing diversity among older workers adds
complexity to the challenge of developing and implementing appro-
priate pension policies. While it’s evident that pension rights should be
actuarially neutral, addressing inequality presents a multifaceted
dilemma. Introducing more specific retirement eligibility criteria based
on individuals’ skills and the physical demands of their occupations
could potentially create distorted incentives. Furthermore, alternative
welfare programs like disability and unemployment schemes may
inadvertently encourage early retirement. The optimal solution lies in
directing policy efforts toward actively reducing the heterogeneity of
older workers. This involves providing highly-skilled older workers with
opportunities to update their skills and stay current with rapidly
evolving technologies. Simultaneously, personalized action plans should
be offered to low-skilled older workers who are at a higher risk of job
displacement due to automation, helping them navigate such
challenges.
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Combining (1.i), (1.ii), and Eq. (12), we arrive at the steady state expression:
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and taking Nx" = I"L into account, the latter expression can be expressed as:
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Finally, with the consideration of * = 1 —I" and utilizing Eqgs. (20), (23) and (1.iv), some algebraic manipulations yield Eq. (29).

8 For clarity, we drop the asterisk.
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Appendix 2

Effects of 1-p (probability of surviving to the second period) on z (elderly participation in the workforce) and g (economic growth rate) in the steady
state
Equation (28) is rearranged, and natural logarithms are applied to both sides of the equation:

1=p\. 1! r+2 4
1—-2)= LA —In(A) ———1In(1 - =In(1 2
In(1-72) ln( 5 +Uln( ) 5 In( p)-&-aln( +g) (28a)
The differentiation of (28a) concerning 2z, g and 1-p leads to:
—dz 1 74 .
= €1y A — 2 1— 2.
9= e [e1-pa = (r +2) Jd( Pt % (2.9

where &, 5 represents the elasticity of A with respect to I-p. It is worth noting that the term A captures the utility from leisure time during
retirement. This elasticity is positive due to the fact that higher life expectancy leads to lower morbidity at the end of life, resulting in greater
enjoyment of free time during this period. Moving on to Eq. (29), after reordering terms and applying natural logarithms to both sides, we derive:
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The differentiation of (29a) concerning 2, g, and 1-p implies that:
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with @ = g—5 + L0 and0 < @ < 1.

By employing (2.i) and (2.ii) in some algebraic manipulations, we obtain:
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Thus, if &1 pa < (1/+2),d1 4 > 0.
Additionally, by utilizing (2.i) and (2.iii) and performing some manipulations, we have:
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The latter equation establishes that it is sufficient for £;_, , < 1, to observe that > 0.

dz
d(1-p)
Appendix 3

Effects of y(automation elasticity of the skill mismatch) on 2z (elderly participation in the workforce) and g (economic growth rate) in the steady
state

The expression (28) is rearranged, and natural logarithms are applied:

10
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We differentiate Eq. (28b) with respect to the variables 2, g, and y:
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Likewise, we rearrange and apply natural logarithms to Eq. (29):
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(28b)

(3.0)

(29b)

Then, we differentiate Eq. (29b) with respect to the variables z, g, and y:
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(3.ii)

By combmmg (3.i) and (3.ii) and after some algebraic manipulation, we derive:
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Moreover, from (3.i) and (3.ii), it is revealed that:
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where we can be observed that % < 0.

References

Abeliansky, A., Prettner, K., 2023. Automation and population growth: theory and cross-
country evidence. J. Econ. Behav. Organ. 208, 345-358. https://doi.org/10.1016/j.
jebo.2023.02.006.

Acemoglu, D., Restrepo, P., 2019. Automation and new tasks: how technology displaces
and reinstates labor. J. Econ. Perspect. 33 (2), 3-30. https://doi.org/10.1257/
jep.33.2.3.

Acemoglu, D., Restrepo, P., 2020. Robots and jobs: evidence from US labor markets.

J. Polit. Econ. 128 (6), 2188-2244. https://doi.org/10.1086/705716.

Acemoglu, D., Restrepo, P., 2022. Demographics and automation. Rev. Econ. Stud. 89
(1), 1-44. https://doi.org/10.1093/restud/rdab031.

Aghion P, Jones B, Jones, C (2019) Artificial Intelligence and Economic Growth, in
Agrawal A, Gans J, Goldfarb A (Eds.), The Economics of Artificial Intelligence: An
Agenda. National Bureau of Economic Research, pp. 282-289. https://www.nber.
org/books-and-chapters/economics-artificial-intelligence-agenda.

Aisa, R., Pueyo, F., Sanso, M., 2012. Life expectancy and labor supply of the elderly.

J. Popul. Econ. 25 (2), 545-568. https://www.jstor.org/stable/41408926.

Alcover, C.M., Guglielmi, D., Depolo, M., Mazzetti, G., 2021. “Aging-and-tech job
vulnerability”: a proposed framework on the dual impact of aging and Al, robotics,
and automation among older workers. Organ. Psychol. Rev. 11 (2), 175-201.
https://doi.org/10.1177/2041386621992105.

Autor, D., 2015. Why are there still so many jobs? the history and future of workplace
automation. J. Econ. Perspect. 29 (3), 3-30. https://doi.org/10.1257/jep.29.3.3.

Autor, D., Dorn, D., 2009. This job is “getting old: measuring changes in job
opportunities using occupational age structure. Am. Econ. Rev. 99 (2), 45-51.
https://doi.org/10.1257 /aer.99.2.45.

Autor, D., Salomons, A., 2018. Is automation labor-displacing? productivity growth,
employment, and the labor share. Brook. Pap. Econ. Act. 1-63. http://www.jstor.
org/stable/26506212.

11

(3.iii)

Baldanzi, A., Prettner, K., Tscheuschner, P., 2019. Longevity-induced vertical innovation
and the tradeoff between life and growth. J. Popul. Econ. 32, 293-1313. https://doi.
org/10.1007/s00148-018-0724-x.

Blanchard, O.J., 1985. Debt, deficits, and finite horizons. J. Polit. Econ. 93 (2), 223-247.
http://www.jstor.org/stable/1832175.

Borsh-Supan, A., Weiss, M., 2016. Productivity and age: evidence from work teams at the
assembly line. Journal of Economics of Ageing 7, 30-42. https://doi.org/10.1016/j.
jeoa.2015.12.001.

Brandes P, Wattenhofer R (2016) Opening the Frey/Osborne Black Box: Which Tasks of a
Job are Susceptible to Computerization? Available online: http://arxiv.org/pdf/
1604.08823v2. Accessed 04 March 2022.

Burgard, S.A., Seelye, S., 2016. Histories of perceived job insecurity and psychological
distress among older US adults. Society and Mental Health 7, 21-35. https://doi.org/
10.1177/2156869316679466.

Caliendo, M., Cobb-Clark, D.A., Pfeifer, H., Uhlendorff, A., Wehner, C., 2023. Risk
preferences and training investments. J. Econ. Behav. Organ. 205, 668-686. https://
doi.org/10.1016/j.jeb0.2022.11.024.

Calzavara, M., Battini, D., Bogataj, D., Sgarbossa, F., Zennaro, 1., 2020. Ageing workforce
management in manufacturing systems: state of the art and future research agenda.
Int. J. Prod. Res. 58 (3), 729-747. https://doi.org/10.1080/
00207543.2019.1600759.

Cardoso, A.R., Guimaraes, P., Varejao, J., 2011. Are older workers worthy of their pay?
an empirical investigation of age—productivity and age-wage nexuses. De Economist
159, 95-111. https://doi.org/10.1007/510645-011-9163-8.

Carlstedt, A.B., Brushammar, G., Bjursell, C., Nystedt, P., Nilsson, G., 2018. A scoping
review of the incentives for a prolonged work life after pensionable age and the
importance of ‘bridge employment”. Work 60 (2), 175-189. https://doi.org/
10.3233/WOR-182728.


https://doi.org/10.1016/j.jebo.2023.02.006
https://doi.org/10.1016/j.jebo.2023.02.006
https://doi.org/10.1257/jep.33.2.3
https://doi.org/10.1257/jep.33.2.3
https://doi.org/10.1086/705716
https://doi.org/10.1093/restud/rdab031
https://www.jstor.org/stable/41408926
https://doi.org/10.1177/2041386621992105
https://doi.org/10.1257/jep.29.3.3
https://doi.org/10.1257/aer.99.2.45
http://www.jstor.org/stable/26506212
http://www.jstor.org/stable/26506212
https://doi.org/10.1007/s00148-018-0724-x
https://doi.org/10.1007/s00148-018-0724-x
http://www.jstor.org/stable/1832175
https://doi.org/10.1016/j.jeoa.2015.12.001
https://doi.org/10.1016/j.jeoa.2015.12.001
https://doi.org/10.1177/2156869316679466
https://doi.org/10.1177/2156869316679466
https://doi.org/10.1016/j.jebo.2022.11.024
https://doi.org/10.1016/j.jebo.2022.11.024
https://doi.org/10.1080/00207543.2019.1600759
https://doi.org/10.1080/00207543.2019.1600759
https://doi.org/10.1007/s10645-011-9163-8
https://doi.org/10.3233/WOR-182728
https://doi.org/10.3233/WOR-182728

R. Aisa et al.

Casas, P., Roman, C., 2023. Early retired or automatized? Evidence from the survey of
health, ageing and retirement in Europe. The Journal of the Economics of Ageing 24,
100443. https://doi.org/10.1016/j.je0a.2023.100443.

Costa, D.L., 2002. Changing chronic disease rates and long-term declines in functional
limitation among older men. Demography 39, 119-137. https://doi.org/10.1353/
dem.2002.0003.

Costinot, A., Werning, 1., 2023. Robots, Trade, and Luddism: A Sufficient Statistic
Approach to Optimal Technology Regulation. Rev. Econ. Stud. 90 (5), 2261-2291.
https://doi.org/10.1093/restud /rdac076.

Dostie, B., 2011. Wages, productivity and aging. De Economist 159, 139-158. https://
doi.org/10.1007/5s10645-011-9166-5.

Duro, R.J., Grana, M., de Lope, J., 2010. On the potential contributions of hybrid
intelligent approaches to multicomponent robotic system development. Inf. Sci. 180
(14), 2635-2648. https://doi.org/10.1016/j.in5.2010.02.005.

Fasbender U, Gerpott FH, Rinker L (2022) Getting Ready for the Future, Is It Worth It? A
Dual Pathway Model of Age and Technology Acceptance at Work. Aging and
Retirement, waac035. https://doi.org/10.1093/workar/waac035.

Fisher, G.G., Chaffee, D.S., Sonnega, A., 2016. Retirement timing: a review and
recommendations for future research. Aging and Retirement 2 (2), 230-261. https://
doi.org/10.1093/workar/waw001.

Fouarge, D., Schils, T., De Grip, A., 2013. Why do low-educated workers invest less in
further training? Appl. Econ. 45 (18), 2587-2601. https://doi.org/10.1080/
00036846.2012.671926.

Frey, C.B., Osborne, M.A., 2017. The future of employment: how susceptible are jobs to
computerisation? Technol. Forecast. Soc. Chang. 114, 254-280. https://doi.org/
10.1016/j.techfore.2016.08.019.

Futagami, K., Konishi, K., 2019. Rising longevity, fertility dynamics, and R&D-based
growth. J. Popul. Econ. 32 (2), 591-1562. https://doi.org/10.1007/500148-018-
0691-2.

Gasteiger, E., Prettner, K., 2022. Automation, stagnation, and the implications of a robot
tax. Macroecon. Dyn. 26, 218-249. https://doi.org/10.1017/51365100520000139.

Graetz, G., Michaels, G., 2018. Robots at work. Rev. Econ. Stat. 100 (5), 753-768.
https://doi.org/10.1162/rest_a_00754.

Grigoli, F., Koczan, Z., Topalova, P., 2020. Automation and labor force participation in
advanced economies: macro and micro evidence. Eur. Econ. Rev. 126, 103443.

Groth, C., Koch, K.J., Steger, T.M., 2010. When economic growth is less than
exponential. Econ. Theor. 44 (2), 213-242. https://doi.org/10.1007/500199-009-
0480-y.

Guerreiro, J., Rebelo, S., Teles, T., 2022. Should robots be taxed? Rev. Econ. Stud. 89 (1),
279-311. https://doi.org/10.1093/restud/rdab019.

Haefner, N., Wincent, J., Parida, V., Gassmann, O., 2021. Artificial intelligence and
innovation management: a review, framework, and research agenda. Technol.
Forecast. Soc. Chang. 162, 120392 https://doi.org/10.1016/j.
techfore.2020.120392.

Hashimoto, K., Tabata, K., 2010. Population aging, health care, and growth. J. Popul.
Econ. 23, 571-593. https://doi.org/10.1007,/500148-008-0216-5.

Hauk, N., Hiiffmeier, J., Krumm, S., 2018. Ready to be a silver surfer? a meta-analysis on
the relationship between chronological age and technology acceptance. Comput.
Hum. Behav. 84, 304-319. https://doi.org/10.1016/j.chb.2018.01.020.

Hémous, D., Olsen, M., 2022. The rise of the machines: automation, horizontal
innovation, and income inequality. Am. Econ. J. Macroecon. 14 (1), 179-223.
https://doi.org/10.1257/mac.20160164.

Ilmakunnas, P., Miyakoshi, T., 2013. What are the drivers of TFP in the aging economy?
aging labor and ICT capital. J. Comp. Econ. 41 (1), 201-211. https://doi.org/
10.1016/j.jce.2012.04.003.

12

The Journal of the Economics of Ageing 26 (2023) 100476

Irmen, A., 2021. Automation, growth, and factor shares in the era of population aging.
J. Econ. Growth 26, 415-453. https://doi.org/10.1007/510887-021-09195-w.

Jones, C.I., 1995. R & D-based models of economic growth. J. Polit. Econ. 103 (4),
759-784. https://doi.org/10.1086,/262002.

Kruse-Andersen, P.K., 2023. Testing R&D-based endogenous growth models. Oxf. Bull.
Econ. Stat. 0305-9049 https://doi.org/10.1111/0bes.12552.

Lee, J.W., Song, E., Kwak, D.W., 2020. Aging labor, ICT capital, and productivity in
Japan and Korea. Journal of the Japanese and International Economies 58 (5),
101095. https://doi.org/10.1016/j.jjie.2020.101095.

Li CW (2001) Endogenous vs. Semi-endogenous Growth in a Two-R&D-Sector Model.The
Economic Journal 110, 462 109-122. https://doi.org/10.1111/1468-0297.00524.

Mabhlberg, B., Freund, 1., Crespo Cuaresma, J., Prskawetz, A., 2013. Ageing, productivity
and wages in Austria. Labour Econ. 22, 5-15. https://doi.org/10.1016/j.
labeco.2012.09.005.

Nedelkoska, L., Quintini, G., 2018. Automation, Skills Use and Training. OECD Social,
Employment and Migration Working Papers No. 202. https://doi.org/10.1787/
2e2f4eea-en.

OECD, 2021. Pensions at a Glance 2021: OECD and G20 Indicators. OECD Publishing,
Paris,. https://doi.org/10.1787/ca401ebd-en.

Prettner, K., Strulik, H., 2020. Innovation, automation, and inequality: policy challenges
in the race against the machine. J. Monet. Econ. 116, 249-265. https://doi.org/
10.1016/j.jmoneco.2019.10.012.

Reinhart, V.R., 1999. Death and taxes: their implications for endogenous growth. Econ.
Lett. 92, 339-345. https://doi.org/10.1016/S0165-1765(98)00250-X.

Rizzuto TE, Cherry KE, LeDoux JA (2012) The aging process and cognitive capabilities,
in: Hedge JW, Borman WC (Eds.), The Oxford handbook of work and aging. Oxford
University Press, pp. 236-255. https://doi.org/10.1093/oxfordhb/
9780195385052.013.0092.

Romer, P.M., 1990. Endogenous technological change. J. Polit. Econ. 98 (5), S71-S.
http://www.jstor.org/stable/2937632.

Ruhose, J., Thomsen, S.L., Weilage, 1., 2019. The benefits of adult learning: work-related
training, social capital, and earnings. Econ. Educ. Rev. 72, 166-186. https://doi.org/
10.1016/j.econedurev.2019.05.010.

Schwab, K., 2017. The Fourth Industrial Revolution. Portfolio Penguin, London, England.

Stéhler, N., 2021. The impact of aging and automation on the Macroeconomy and
Inequality. J. Macroecon. 67, 103278 https://doi.org/10.1016/j.
jmacro.2020.103278.

Taylor, A.W., Pilkington, R., Feist, H., Dal Grande, E., Hugo, G., 2014. A survey of
retirement intentions of baby boomers: An overview of health, social and economic
determinants. BMC Public Health 14, 355. https://doi.org/10.1186/1471-2458-14-
355.

Virtanen M, Oksanen T, Pentti J, Ervasti J, Head J, Stenholm S, Vahtera J, Kivimaki M
(2017) Occupational class and working beyond the retirement age: A cohort study.
Scandinavian Journal of Work and Environmental Health 43:426-435. https://doi.
org/ 10.5271/sjweh.3645.

Vodopivec, M., Finn, D., Laporsek, S., Vodopivec, M., Cvornjek, N., 2019. Increasing
employment of older workers: addressing labour market obstacles. Population
Ageing 12 (3), 273-298.

Zhang, S., Han, L., Kallias, K., Kallias, A., 2021. The value of in-person banking: evidence
from U.S. small businesses. Rev. Quant. Finan. Acc. 57 (4), 1393-1435.

Zhang, X., Palivos, T., Liu, X., 2022. Aging and automation in economies with search
frictions. J. Popul. Econ. 35, 621-642. https://doi.org/10.1007/500148-021-00860-
3.

Zwick, T., 2015. Training older employees: what is effective? Int. J. Manpow. 36 (2),
136-150. https://doi.org/10.1108/1JM-09-2012-0138.



https://doi.org/10.1016/j.jeoa.2023.100443
https://doi.org/10.1353/dem.2002.0003
https://doi.org/10.1353/dem.2002.0003
https://doi.org/10.1093/restud/rdac076
https://doi.org/10.1007/s10645-011-9166-5
https://doi.org/10.1007/s10645-011-9166-5
https://doi.org/10.1016/j.ins.2010.02.005
https://doi.org/10.1093/workar/waw001
https://doi.org/10.1093/workar/waw001
https://doi.org/10.1080/00036846.2012.671926
https://doi.org/10.1080/00036846.2012.671926
https://doi.org/10.1016/j.techfore.2016.08.019
https://doi.org/10.1016/j.techfore.2016.08.019
https://doi.org/10.1007/s00148-018-0691-2
https://doi.org/10.1007/s00148-018-0691-2
https://doi.org/10.1017/S1365100520000139
https://doi.org/10.1162/rest_a_00754
http://refhub.elsevier.com/S2212-828X(23)00036-1/h0160
http://refhub.elsevier.com/S2212-828X(23)00036-1/h0160
https://doi.org/10.1007/s00199-009-0480-y
https://doi.org/10.1007/s00199-009-0480-y
https://doi.org/10.1093/restud/rdab019
https://doi.org/10.1016/j.techfore.2020.120392
https://doi.org/10.1016/j.techfore.2020.120392
https://doi.org/10.1007/s00148-008-0216-5
https://doi.org/10.1016/j.chb.2018.01.020
https://doi.org/10.1257/mac.20160164
https://doi.org/10.1016/j.jce.2012.04.003
https://doi.org/10.1016/j.jce.2012.04.003
https://doi.org/10.1007/s10887-021-09195-w
https://doi.org/10.1086/262002
https://doi.org/10.1111/obes.12552
https://doi.org/10.1016/j.jjie.2020.101095
https://doi.org/10.1016/j.labeco.2012.09.005
https://doi.org/10.1016/j.labeco.2012.09.005
https://doi.org/10.1787/2e2f4eea-en
https://doi.org/10.1787/2e2f4eea-en
https://doi.org/10.1787/ca401ebd-en
https://doi.org/10.1016/j.jmoneco.2019.10.012
https://doi.org/10.1016/j.jmoneco.2019.10.012
https://doi.org/10.1016/S0165-1765(98)00250-X
http://www.jstor.org/stable/2937632
https://doi.org/10.1016/j.econedurev.2019.05.010
https://doi.org/10.1016/j.econedurev.2019.05.010
http://refhub.elsevier.com/S2212-828X(23)00036-1/h0265
https://doi.org/10.1016/j.jmacro.2020.103278
https://doi.org/10.1016/j.jmacro.2020.103278
https://doi.org/10.1186/1471-2458-14-355
https://doi.org/10.1186/1471-2458-14-355
http://refhub.elsevier.com/S2212-828X(23)00036-1/h0285
http://refhub.elsevier.com/S2212-828X(23)00036-1/h0285
http://refhub.elsevier.com/S2212-828X(23)00036-1/h0285
http://refhub.elsevier.com/S2212-828X(23)00036-1/h0290
http://refhub.elsevier.com/S2212-828X(23)00036-1/h0290
https://doi.org/10.1007/s00148-021-00860-3
https://doi.org/10.1007/s00148-021-00860-3
https://doi.org/10.1108/IJM-09-2012-0138

	Automation and aging: The impact on older workers in the workforce
	Introduction
	The model
	Households
	Production
	Equilibrium and balanced growth path

	Results and discussion
	Conclusions
	Authors’ Contributions
	Declaration of Competing Interest
	Acknowledgement
	Appendix 1: Derivation of Eq. (29)
	Appendix 2 Appendix 1: Derivation of Eq. (29)
	Appendix 3 Appendix 1: Derivation of Eq. (29)
	References


