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A B S T R A C T   

Unpaid domestic work is vital for human reproduction and enables all other forms of work. In this article, we 
present first estimates of the impacts of “smart” and “AI” technologies on unpaid work. We ask what the like
lihood is of various types of unpaid work being automated, and how this would change the time spent on do
mestic work and on the gendered division of labour. We adapt three automation likelihood estimates for paid 
work occupations to estimate the automation likelihood of 19 domestic work tasks. Applying these estimates to 
Japanese and UK national time use data, we find that 50–60 % of the total time spent on unpaid work could be 
saved through automation. The savings are unevenly distributed: a Japanese woman aged 20–59 could save up to 
3.5 h, a UK woman of the same age could save up to 3 h on an average weekday. A man in the UK could save 1.5 
h and a Japanese man only 1 h on an average weekday. Domestic automation could free up to 9.3 % of women in 
Japan and 5.8 % of women in the UK to take up full- or part-time employment, pointing to substantial potential 
economic and social gains.   

1. Introduction 

Household service robots, such as robotic vacuum cleaners and floor 
mops, are by far the most popular type of robot today in terms of units 
sold (International Federation of Robotics, 2020). In 2019, 18.6 million 
household service robots were sold globally, compared to 173,000 
professional service robots (e.g., delivery robots, cleaning and disin
fection robots, medical robots), and 373,240 industrial robots (Fig. 1). 
Households are also rapidly adopting other new labour-saving in
novations, such as online grocery shopping, food delivery platforms, and 
children's learning apps (Ahuja et al., 2021; Baarsma and Groenewegen, 
2021; Singer, 2021). Smart technologies are also increasingly seen as a 
necessary part of welfare provision: a European Commission (2022) 
report advocates for a roll-out of “accessible digital solutions in the 
provision of care services”; in Japan, a Cabinet Office (2015) report 
highlights “intelligent systems” as a possible solution to the challenges 
of an ageing population. A domestic technological revolution appears to 
be underway, at least in wealthier countries. 

Academics and policymakers are presently paying significant 

attention to the consequences of robots and other labour-saving tech
nologies for the future of paid employment (Acemoglu et al., 2022; Frey 
and Osborne, 2017; Goos and Manning, 2007). By contrast, new tech
nologies' implications for the future of unpaid housework and care work 
have received little attention. The value of unpaid domestic labour is not 
included in gross domestic product (GDP) or national income account
ing indicators, which makes it largely invisible. Yet societies could not 
function if meals were not cooked, houses were not cleaned, and chil
dren and dependent adults were not cared for. Gershuny (2018) esti
mates that working-age adults in high-income countries currently spend 
a daily average of 250–300 min on paid work and 180–250 min on 
unpaid domestic work. If new technologies reduced the time spent on 
unpaid work, the social and economic implications could be enormous. 

At present, unpaid work falls very unequally between genders. 
Working-age women across high-income countries do at least 60 % of all 
unpaid work and in the majority of countries their share is larger 
(Gershuny, 2018, p.2). This inequality increases as men and women 
become parents, and persists into old age (Pailhé et al., 2021). More time 
devoted to unpaid work means less time for other things. Women spend 
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less time in paid work, which contributes to a persistent gender wage 
gap (Goldin, 2014; Ruppanner, 2020). Automation of unpaid work could 
thus both alleviate gender inequality and increase the supply of labour 
to the paid labour market. Reductions in domestic workload through 
technology could also promote elderly independence and limit the costs 
of elderly care, which at present are rising precipitously in ageing post- 
industrial societies (Organisation for Economic Cooperation and 
Development, 2020). 

In this paper we estimate for the first time how susceptible different 
unpaid work tasks are to replacement by new technologies. We do this 
by taking the automation probability estimates that Frey and Osborne 
(2017) and other researchers have developed for paid work and adapt
ing them to unpaid work. We moreover estimate how much of women's 
and men's time would be freed up if unpaid work tasks were automated 
to their full potential, and how this could impact the supply of labour to 
the paid labour market. 

We carry out our estimations using time use data from two high- 
income countries: United Kingdom and Japan. The two countries have 
comparable per capita GDP levels, and both are technologically 
advanced. Yet they offer very different cultural and demographic con
texts in which people allocate time to paid and unpaid labour. The UK is 
a more gender-equal society. In the World Economic Forum's 2020 
Global Gender Gap Index, the UK was ranked 21st out of 153 countries, 
while Japan was ranked 121st (World Economic Forum, 2019). In both 
countries women spend more time on domestic work compared to men 
while men spend more time in paid work, but in Japan the differences 
are considerably larger (Organisation for Economic Cooperation and 
Development, 2021). Both countries are ageing societies, but Japan is 
older and greying faster. In 2019, 28.4 % of Japan's population were 
aged 65 or over (Statistics Bureau, 2020, p.12), compared to 18.5 % in 
the UK (ONS, 2020). In 2015 the total fertility rate1 in Japan was 1.45, 
compared to 1.68 in the UK. Thus, current and near future elderly care 
demand is greater in Japan than in the UK, while childcare demand is 
higher in the UK. 

Our results suggest that all major domestic work activities except for 
childcare could be automatable with a more than 50 % probability, or 
alternatively that more than 50 % of time spent on domestic work ac
tivities could be saved through technology. This would narrow the 
gender disparity in absolute time spent on domestic work but would not 
eliminate it. One potential implication of the time savings is more time 
available for paid work. Women, especially Japanese women, would 
benefit disproportionately in that respect. The potential number of full- 

time female employees in Japan could rise by about 2 % if Japanese 
women allocated all the time saved through domestic work automation 
to paid work. Estimating potential increases in labour supply due to the 
automation of unpaid domestic work is particularly important in light of 
labour force shortages currently facing Japan and the UK. 

We also find that potential labour savings and increases in labour 
market participation vary by age in UK and in Japan. Young children 
lead to particularly heavy housework and care responsibilities. In both 
countries, women around the age when they are likely to have young 
children could save the most time with the help of domestic automation. 
But they also have the lowest likelihood of being able to free enough 
time to join the labour market even after such time savings. 

Automation is not the only factor that can alter the time people spend 
on unpaid domestic work in the future; other possible factors include for 
instance changes in household size and the increased availability of 
domestic services. Moreover, actual household adoption of automation 
in the future will depend at least as much on cultural values and 
gendered social norms as it does on technological potentials. Our results 
simply demonstrate the transformative potential of technology within 
the domestic sphere if such constraints were overcome, with women in 
less gender-equal societies benefiting from automation the most. 

2. Background 

2.1. The future of work 

The present debate on the future of paid work is characterized by 
striking predictions concerning the future effects of technologies on la
bour markets. In particular, a frequently cited study by Frey and 
Osborne (2017) concludes that as many as 47 % of all US jobs are at 
“high risk” of computerization within the coming decades. The predic
tion is based on expert estimates by a group of machine learning re
searchers of the automatability of the tasks that constitute various 
occupations. The study was widely reported in the media when first 
published as an online working paper in 2013 and has helped to fuel the 
present future of work debate. Later studies highlighted that these pre
dictions are sensitive to model specifications (Stephany and Lorenz, 
2021) and alternative methodologies resulted in more moderate esti
mates. Yet even more cautious estimates, such as a study by White et al. 
(2019) who concluded that in England 7.4 % of people were employed 
in jobs at a high risk of automation, predict substantial levels of paid 
work automation. 

There are clear parallels between paid and unpaid labour. Unpaid 
domestic work is defined by the so-called “third party criterion” (Reid, 
1934) which stipulates that domestic work is the sum of unpaid do
mestic activities that could be delegated to a paid worker or replaced by 
market goods. Based on this definition the same activity could be cat
egorised as paid or unpaid labour depending on who carries it out. Yet 
the present debate on the future of work has focused entirely on paid 
work and excluded unpaid work from its predictions. We address this 
gap in the literature. 

2.2. Unpaid work and technology 

Scholars of previous waves of automation have observed that tech
nologies' effects on household members' daily routines have been far 
from uniform (Greenwood et al., 2005; Schwartz, 2012). In the first half 
of the 20th century, industrialisation and urbanization resulted in the 
proliferation of households with electricity and running water, which 
revolutionised household production. Several domestic tasks hitherto 
largely carried out within households by women became obsolete (e.g., 
carrying water) or moved from home into the market (e.g., purchasing 
food and clothes or at least material to make clothes). The centralisation 
of some domestic production tasks also gave rise to new domestic re
sponsibilities associated with getting consumer goods home. Shopping 
became time-consuming and was largely assumed by women (Schwartz, 

Fig. 1. Robots sold per year, by type.  

1 The total fertility rate (TFR) of a population is the average number of 
children that would be born to a woman over her lifetime if she was to expe
rience the exact current age-specific fertility rates through her lifetime. 
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2012, p. 388). 
The first half of the twentieth century is also the time when almost all 

electric domestic appliances, the “engines of liberation” (Greenwood 
et al., 2005) were invented. These include the vacuum cleaner (1901), 
the electric iron (1903), the electric washing machine (1904) the 
refrigerator (1913), the dishwasher (1903), the fully automatic washer- 
dryer (mid 1930s), and the microwave oven (1945) (Krenz and Strulik, 
2022). Initially luxury goods, these devices improved quickly and 
became ubiquitous in Japanese and UK households by late 1970s, 
changing domestic routines and reducing the total time spent on do
mestic work (Bowden and Offer, 1994; Maki, 1996). However, from 
1980s onwards, reductions in the time spent on domestic work in Jap
anese and UK households have been small (Gershuny and Sullivan, 
2017, 1st author's own calculations; Statistics Bureau, n.d.; Yano, 1995). 
Labour savings from domestic technology appeared to have plateaued. 

More recently, new digital technologies of work have been shown to 
influence domestic routines in two ways. One is that they change in
dividuals' experiences of the boundaries between work and family 
(Ollier-Malaterre et al., 2019). Another is that they are argued to result 
in a resurgence of the servant economy, enabling well paid professionals 
to outsource their domestic work to lower-skilled people, thanks to a 
rising wage gap brought about by skill-biased technological change 
(Krenz and Strulik, 2022). Our study adds to this literature with an 
analysis of the potential direct influence of digital technologies on do
mestic work. Advances in robotics, computer vision, machine learning, 
the Internet of Things, and related technologies are associated with a 
new wave of domestic labour saving technologies. Marketed under such 
labels as “smart” and “AI”, there appears to be significant pent-up con
sumer demand for such devices and services (Fig. 1). This latest wave of 
domestic automation is the focus of our study. 

As with previous waves of autmation, domestic tasks are likely to 
vary in their susceptibility to this new wave of automation. As stressed 
by Broussard (2018), “the machine-learning approach is great for 
routine tasks inside a fixed universe of symbols”, indicating that ma
chines operate well in routine, predictable, and well-indexed environ
ments. Routinized housework, such as vacuum cleaning is therefore 
likely most open to automation. Algorithms to replace more creative 
types of housework, such as cooking from scratch, or care work tasks 
that involve human interaction, are probably more challenging to 
design. Thus, we ask: 

RQ1. How susceptible are different unpaid household tasks to 
automation? 

2.3. Gendered implications of domestic automation 

Domestic automation will affect individuals unevenly. For example, 
women spend more time on domestic work than men do. Consequently, 
automation of domestic tasks, especially tasks that are dominated by 
women, will benefit women more than men and could reduce gender 
inequality in time spent on household production. 

The gendered consequences are likely to vary between countries and 
cultural contexts. Domestic work differs in different societies. Time 
invested in domestic work and how it is shared between men and women 
within households also depends on many local factors, such as gender 
equality at home, the prevalence of outsourcing of domestic work tasks, 
the availability and affordability of institutions providing help with 
domestic work, such as nurseries, and so on. 

Although both Japan and the UK are characterized by gender 
inequality in the domestic sphere, this inequality is much more pro
nounced in Japan. Thus, we ask: 

RQ2. If household tasks were automated to their predicted full po
tential, how much time would be freed up for women and men in Japan 
and the UK? 

If people spent less time on housework, they could invest the time 

freed in many different ways. One societally important use could be a 
larger contribution to the paid labour market. Greenwood et al. (2005) 
and Cavalcanti and Tavares (2008) argue that past reductions of 
housework hours through domestic appliances enabled women to rival 
men in the paid labour market. Using data from 17 OECD countries, 
Cavalcanti and Tavares (2008) find a substantial and statistically sig
nificant increase in female labour force participation associated with 
reductions in the price of domestic appliances. We thus ask: 

RQ3. How much could the predicted automation of household tasks 
increase labour supply for women and men in Japan and the UK? 

3. Research design 

We adapt three sets of automatability scores to household tasks by 
linking these tasks as defined in Japanese and UK time use surveys with 
the most similar paid work occupations. We then apply the scores to 
micro-level time use data from Japan and the UK to produce predictions 
on how future domestic automation could impact women's and men's 
time use and labour supply in both countries. 

3.1. Time-use data 

We start by identifying core domestic work tasks as recorded in the 
UK Time Use Survey (UKTUS) 2014-15 and the Japanese Survey on Time 
Use and Leisure Activities (STULA) 2016.2 Both UKTUS and STULA 
surveys collect detailed information about individuals' time use, along 
with a range of social, economic, and demographic variables. Having 
identified time use activities relevant to unpaid domestic work from 
UKTUS and STULA, we harmonise them into 19 activities3’4 and further 
group them into 9 broader activities. We then match the automation 
scores of paid work occupations that are akin to domestic work to these 
19 unpaid work activities. The classifications of the 19 unpaid work 
activities as well as the assigned automation scores are detailed in 
Table 1. In the next section, we explain our rationale behind the choice 
of three sets of automation scores and how the scores are assigned to 
each unpaid work activity. 

3.2. Matching paid work occupations to unpaid work tasks 

To predict time use on these activities after automation, we linked 
our 19 activities with relevant paid work occupations (see Table 1). The 

2 Access to the UKTUS 2015 is obtained through the UK Data Archive 
https://doi.org/10.5255/UKDA-SN-8128-1. Permission to use the data on 
STULA 2016 was obtained through the Statistics Bureau of Japan based on the 
Statistics Act (Act No. 53 of 2007), Article 33 http://www.stat.go.jp/english 
/data/shakai/index.html. See details of both surveys in the Appendix. 

3 This list was informed by our interviews with automation experts (for de
tails see Lehdonvirta et al., 2023) as well as by the practical constraints 
resulting from our need to harmonise domestic work activities in UKTUS and 
STULA 2016 surveys.  

4 It is conceivable that in Japan, a country considerably more gender unequal 
compared to the UK, women will feel more driven to report doing unpaid do
mestic work than in the UK. Conversely Japanese men may be reluctant to 
report engaging in unpaid work compared to UK men, as they might see do
mestic work as a less “manly” pursuit. If this is the case, then the time Japanese 
women spend on unpaid work is inflated compared to UK women and the time 
Japanese men's housework and care work times are underreported. In our 
sample of working age adults, we find little difference between UK and Japa
nese women, but Japanese men report doing considerably less domestic work 
compared to UK men. Some of this observed difference may be a result of social 
desirability bias. A small UK study has confirmed that UK time use data based 
on self-reports provides a very reliable estimate of domestic work time (Ger
shuny et al., 2020). A similar study using Japanese respondents is necessary for 
us to establish the prevalence of social desirability bias in self-reported time use 
diaries in Japan. 
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matching method in linking each unpaid work activity with paid work 
occupations follows the replacement cost method specialist approach 
(RC-S) that is commonly used in valuating unpaid work to relate it to the 
System of National Accounts (SNA) (UNECE, 2017). The RC-S method 
links each unpaid work activity with paid work occupations of the 
specialists who are doing similar work and applying their market wage 
rates to the hours spent on each unpaid work activity. We mostly follow 
the RC-S method as applied by the Economic and Social Research 
Institute (ESRI) of the Government of Japan's Cabinet Office in 2018 
(ESRI 2018).5 Having linked each unpaid work activity with relevant 
paid occupations, we assign the automation scores of those paid occu
pations to the 19 unpaid work activities. In cases where more than one 
occupation is assigned to an unpaid work activity, we use the mean 
value of the assigned automation scores. 

In linking the automation scores with unpaid work activities, we 
used three different sets of automation scores. The first set of scores is 
taken from Frey and Osborne (2017). It is based on US occupational data 
and indicates the predicted probability of full automation for each 
occupation. To create this measure, Frey and Osborne first selected 70 
occupations from the US O-NET database,6 an online database of US 
occupations with detailed job characteristics. They asked machine 
learning experts to judge whether these selected 70 occupations could be 
fully automated, based on the occupations' task composition and skill 

requirements as described in the O-NET database. In the next step, using 
35 hand-labelled occupations as training data, 35 occupations as testing 
data, and occupation characteristics available in the O-NET database as 
parameters, Frey and Osborne fit three different models and compare 
their ability to reproduce the human expert predictions. They then 
applied the best performing model, a Gaussian process classifier, to es
timate the probability of full automation of the remaining other 632 
occupations in the US O-NET database based on their characteristics. We 
refer to the predicted probabilities obtained for the whole list of the 702 
US occupations as the Frey and Osborne automation score or F&O 
automation score. 

The second set of automation scores comes from a study that applied 
Frey and Osborne's methodology to data on occupational characteristics 
in Japan (Frey et al., 2015). The study uses the job description database 
for 601 Japanese occupations compiled by the Japan Institute for Labour 
Policy and Training (JILPT) in 2012, a research institute under the su
pervision of the Ministry of Health, Labour and Welfare. Like the O-NET 
database in the US, JILPT's database provides a detailed description of 
job characteristics for each of the 601 Japanese occupations in the 
database. The study follows the methodology from the Frey and Osborne 
(2013) research. In our paper we refer to the predicted probabilities of 
full automation calculated by (Frey et al., 2015) as the NRI automation 
score. 

The third set of automation scores is from a study that applied a task- 
based, rather than an occupation-based approach using occupational 
data from England. Using the OECD's Survey of Adults Skills (PIAAC),7 

which contains a comprehensive list of tasks that people perform at their 
workplace, Arntz et al. (2016) disaggregate the F&O automation scores 
into single task scores and reconstruct the occupation-based automation 

Table 1 
The list of unpaid work activities, linked occupations, and automation scores.  

Broad activity Activity Occupation Automation score 

Frey & 
Osborne 

Nomura 
Research 
Institute 

UK Office of 
National Statistics 

1 FOOD MANAGEMENT Cooking Cooks, Bakers, Pastry chef  0.800  0.458  0.617 
Dish washing Dish washers, Kitchen assistant, Hole staff  0.770  0.920  0.692 

2 HOUSEHOLD UPKEEP Cleaning and other 
household upkeep 

Janitors and cleaners  0.660  0.995  0.681 

3 MAKING AND 
MENDING CLOTHES 

Making and mending 
clothes 

Sewers, Sewing machinists, Dress makers  0.940  0.553  0.623 

4 LAUNDRY Laundry and ironing Launderers, dry cleaners and pressers, Pressers, textile, garment, 
and related materials  

0.760  0.889  0.662 

5 GARDENING AND PET 
CARE 

Gardening Landscaping and groundskeeping workers, Fishing and other 
elementary agriculture occupations n.e.c., Gardeners and 
landscape gardeners  

0.760  0.362  0.486  

Pet care Animal trainers, Nonfarm animal caretakers, Animal care services 
occupations n.e.c., Veterinary nurses, Pet groomers, Pet shop staffs  

0.593  0.108  0.525 

6 SHOPPING Shopping Janitors and cleaners, Maids  0.660  0.827  0.681 
7 OTHER HOUSEWORK Home maintenance Carpenters, Plumbers, pipefitters and steamfitters, Furniture 

finishers, Janitors and cleaners  
0.650  0.663  0.567  

Car maintenance Electronic equipment installers and repairers, motor vehicles, 
Vehicle technicians, mechanics and electricians  

0.610  0.868  0.559  

Service use Janitors and cleaners, Maids  0.660  0.827  0.681  
Household management Janitors and cleaners, Maids  0.660  0.827  0.681  
Other housework Janitors and cleaners, Maids  0.660  0.827  0.681 

8 CHILD CARE Physical care of a child Childcare workers, Childminders and related occupations  0.084  0.003  0.558  
Teaching a child Childcare workers, Childminders and related occupations  0.084  0.003  0.558  
Interacting with a child Childcare workers, Childminders and related occupations  0.084  0.003  0.558  
Accompanying a child Childcare workers, Childminders and related occupations  0.084  0.003  0.558  
Escorting a child Taxi and cab drivers and chauffeurs, Janitors and cleaners, Maids  0.775  0.890  0.658 

9 FAMILY CARE Care for an adult Medical assistants, Personal care aides, Care workers and home 
carers, Home helpers, Medical social workers  

0.520  0.060  0.538  

5 We do not follow the ESRI approach in the following cases: 1. gardening is 
included in the food management category in ESRI's report using STULA 2016 
(ESRI 2018) and pet care is not included into the definition of unpaid work at 
all. We kept “gardening and pet care” as an independent category and assigned 
relevant specialist occupations for each activity ourselves. 2. ESRI's report in
cludes physical care for non-dependent family members into “other house
work”. In STULA data it is not possible to distinguish whether a household 
member receiving physical help is dependent or not. Therefore, we merge 
physical care for an adult family member into one “family care” category.  

6 https://www.onetonline.org 

7 https://www.oecd.org/skills/piaac/ 
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score across 21 OECD countries based on the task compositions within 
and across occupations in each country.8 The UK Office of National 
Statistics (ONS) subsequently produced a set of automation scores for 
occupations in England in 2011, 2014 and 2017 using this approach 
(White et al., 2019). In this study, we use the latter set of automation 
scores covering 369 occupations in England in 2017 as our third set of 
automation scores. We refer to it as the ONS automation score. 

According to Frey and Osborne, their scores represent the potential 
for automation over “some unspecified number of years, perhaps a 
decade or two” (2017, p. 265). The NRI automation score and the ONS 
automation scores rely on Frey and Osborne probabilities of automation 
as their starting point so their expected time to automation is “perhaps a 
decade or two” as well. While the F&O and NRI scores are both proba
bilities of full automation, the ONS score indicates what proportion of 
each occupation is predicted to be automatable. We chose these three 
sets of scores over some more recent ones (e.g. Felten et al., 2018; Webb, 
2020) because they are task-based and thus compatible with our 
matching approach, prominent in the previous literature, account for 
national differences in task content (ONS using UK job descriptions 
while NRI uses Japanese descriptions9) and measured in a way that fa
cilitates interpretability. 

All of these automation scores are in effect based on an assessment of 
how much additional automation is possible on top of what is already 
typical in these occupations. Adapting this expectation to domestic work 
tasks, an automation score of 0 % does not mean no technology use at 
all, but rather that the status quo is expected to be preserved. An auto
mation score of 100 % means that the task can be entirely automated. 
The automation can well create new human labour elsewhere (e.g., 
robot production and maintenance), but this is not something existing 
automation studies or this study attempt to model. Our data also cannot 
account for heterogeneity between households in domestic appliance 
endowments. 

3.3. Estimating changes in time use and labour supply 

Once automation scores are assigned to unpaid work activities, we 
estimate the impacts of different degrees of automation on (1) people's 
time use and (2) the amount of labour supplied to the paid labour 
market. 

3.3.1. Analytical sample 
In our calculations, we limit our analytical sample to adults aged 

20–59 in both countries to estimate the potential impact of unpaid work 
automation on employment. We use time diary information collected 
during weekdays as we assume that only unpaid work hours during the 
weekdays would affect labour supply.10 As a result, our analysis is based 
on a total sample of 7147 individuals from both the UKTUS 2015 and 
STULA 2016 surveys. The sample contains a total of 3689 diary days 

provided by 2464 individuals in Japan and 4697 diary days provided by 
4683 individuals in the UK (Table 2). We use original survey weights 
from UKTUS and STULA to correct for both the survey designs. 

3.3.2. Estimating time use on unpaid work after the automation 
We calculate individuals' time spent on each of our 19 domestic work 

activities assuming that these activities are automated to the full 
possible extent as predicted in F&O, NRI and ONS scores. 

TimeUses,j,i = TimeUsej,i
*(1 − Automation Score)

s : Type of Automation Score, j : Type of Unpaid Work Activity, i : Individual i 

To estimate time use after the automation, we simply multiply (1 - 
Automation Score) with respondents' actual time use in each unpaid work 
activity. For example, if the automation score of a certain activity is 0.6, 
we assume that automation will result in a 60 % reduction in time used 
on this activity. The estimated time use on this activity will thus be 40 % 
of each respondent's current actual time use. 

We are aware that the F&O and the NRI automation scores indicate 
probabilities of full automation at the occupation level, rather than the 
proportion of the job expected to be automated. The ONS score, in 
contrast, estimates the proportion of tasks in a given occupation that is 
expected to be automated in the near future. Over a substantial number 
of activities in which no individual activity dominates, however, the 
expected probability of automation and the expected share of automated 
time converge. Based on this intuition we will interpret all the three 
automation scores as proportion of the job expected to be automated. 
This approach enables us to examine the potential impacts of automa
tion in unpaid work using both occupation and task-based automation 
estimates. The list of unpaid work activities as well as linked occupations 
and assigned automation scores are documented in Table 1. 

3.3.3. Estimating potential labour supply after the automation of unpaid 
work 

Once we have calculated time use for each time diary record, we 
estimate the potential impact of domestic work automation on the la
bour supply in Japan and the UK. Our definition of the “potential labour 
force” is men and women aged 20–59 who are neither in education nor 
in the labour market and spend time on unpaid work during core 
working hours (from 8 am to 8 pm) during weekdays. We define in
dividuals as potential full-time workers if they are estimated to have 
more than 8 h of free time during the core working hours once some of 
the unpaid work they are currently engaged in is automated. We define 
individuals as potential part-time workers if time freed up through 
automation is less than 8 h but more than 4 h. Both UKTUS and STULA 
time-diary surveys make it possible to identify how many hours (if any) 
of unpaid work activities are carried out during the core working hours 

Table 2 
Number of diary days (individuals in brackets).   

Japan UK 

Men Women Men Women 

20–29 294 253 445 551  
(196) (177) (443) (550) 

30–39 398 439 521 623  
(267) (290) (521) (621) 

40–49 567 629 571 751  
(376) (411) (568) (749) 

50–59 550 559 600 635  
(365) (382) (598) (633) 

Total 1809 1880 2137 2560  
(1204) (1260) (2130) (2553)  

8 A regression model is used to disaggregate F&O's occupation-level auto
mation scores into the single-task basis. In the model, the individual worker 
characteristics and the task compositions of individuals' occupations are used as 
the explanatory variables and regressed on F&O's occupation-level automation 
scores. The US data is used to estimate the model and the estimated parameters 
are applied to other OECD country data to reconstruct the occupation-level 
automation scores in each country (Arntz et al., 2016).  

9 The Frey and Osborne score is based on O-NET, making it less applicable to 
the UK and Japanese cases. That said, its methodology is identical to that of the 
NRI automation score, which allows us to use it as contrast case: All the 
observed differences between NRI as Frey/Osborne stem from the differences in 
the occupational descriptions between the US and Japan. Having the two side 
by side in the paper illustrates how variation in local occupations is likely to 
influence expected automatability of these occupations.  
10 To check robustness of our estimates we replicated our analysis including 

time diaries collected during weekend days when respondents reported working 
on a given weekend. The results are very similar. 
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for each time diary day.11 Potential full-time workers and potential part- 
time workers are mutually exclusive so that no individual is simulta
neously identified as belonging to both categories. 

Our estimated measure of potential full-time/part-time workers 
overestimates the labour supply increase for at least two reasons. First, 
people are out of the labour force for many reasons other than doing 
unpaid work. Therefore, simply reducing unpaid work may not directly 
motivate these people to take up full-time or part-time jobs. Future 
research should examine the elasticity coefficients of how time freed up 
from domestic work converts into paid work time and how this varies 
across demographic groups and countries.12 Second, the automation 
scores used in this study are based on paid occupations, and they may be 
high-end estimates of domestic work automatability. As indicated above, 
households generally have fewer opportunities to benefit from economies 
of scale compared to businesses enterprises. Thus, our estimates can be 
understood as an upper bound on the number of full-time/part-time 
workers that could be created via the automation of unpaid work. 

4. Results 

4.1. Susceptibility of unpaid domestic tasks to automation 

Our first research question asks how susceptible different domestic 
tasks are to automation. We find that most domestic work activities 
obtain automation scores of more than 50 % based on all three under
lying estimates of automation likelihood for paid work. The interpre
tation is that the probability of these tasks being automated is more than 
50 %, or alternatively, that more than 50 % of the time spent on these 
tasks could be reduced with the help of new technologies. The scores for 
each activity, together with the average time spent on the activity, are 
depicted in Figs. 2-1, 2-2, and 2-3.13 

The three scores result in different automation expectations of spe
cific tasks. The ONS score places all unpaid work activities within a 
narrow range of 50–70 %, which means that 50–70 % of time used on 
unpaid work will be freed up after automation. Both the F&O and the 
NRI scores have more variation in the distributions of unpaid work 
hours. In both scores, childcare has a low chance of automation (0–15 % 
or 15–30 %). In the NRI scores, family care and gardening/pet care also 
have a very low probability of automation. F&O and the NRI scores 
anticipate very high automation probabilities for a few activities: Ac
cording to F&O scores, 70–85 % of food management (cooking and 
washing dishes) and laundry (including ironing and folding) could be 
automated. The NRI scores are the most optimistic about future do
mestic automation, indicating that shopping and other housework have 

a high chance of automation (70–85 %) while household upkeep and 
laundry have the highest chance of automation (85–100 %). Note that as 
the methodology behind the F&O and the NRI scores is identical, all the 
observed differences stem from the differences in the occupational de
scriptions in the O-Net (US) and JILPT (Japan) occupational databases. 
Comparison of tasks that make up different occupations is beyond the 
scope on this paper, but the extent of the differences is notable and 
highlights the importance of paying attention to cross-cultural varia
tions in the tasks involved in similar occupations or domestic tasks. 

4.2. Gender differences and time savings from domestic automation 

Our second research question asks how much time would be freed up 
for men and women in Japan and the UK if domestic work tasks were 
automated to their full predicted potential. To examine this, we calcu
late the weekday-average time use figures for each unpaid work activity 
by gender and distribute them across our automation scores.14 An 
average Japanese man aged 20–59 spends 53 min on unpaid work on an 
average weekday, while an average Japanese woman spends 292 min. In 
the scenario based on F&O automation scores, all unpaid work apart 
from childcare is highly automatable. In Japan, men spend 70 % of their 
weekday unpaid work time on activities other than childcare and 
women spend 75 % of their unpaid work time on such activities (Fig. 3- 
1). An average working age man in the UK spends 141 min on unpaid 
work on weekdays. Eighty two percent of this time is spent on non- 
childcare tasks that are highly automatable. Finally, an average UK 
woman aged 20–59 spends 290 min on unpaid work on an average 
weekday and 74 % of this time is spent in activities with high likelihood 
of automation (Fig. 3-2). These graphs highlight that the potential 
impact of automation on unpaid work would be very high for women, 
particularly in Japan. 

Table 3 shows how these differences add up over a year. UK men 
aged 20–59 spend more than twice as much time on unpaid work as 
Japanese men in the same age group do. UK women aged 20–59 spend 
almost twice as much time on unpaid work as UK men in the same age 
group do, and Japanese women spend more than four times as long on 
unpaid work as Japanese men in the same age group. The difference in 
women's unpaid work is small between the two countries. 

In the next step we calculate how much domestic work time could be 
saved if the technology was applied as predicted. The results are shown 
in Fig. 4 for the time use of men and women aged 20–59 who actually 
engage in unpaid work in Japan and the UK. Compared with the 
observed total time use on unpaid work, automation is expected to 
reduce time use on unpaid work by 50–60 % in both countries for both 
genders. Despite the differences in the distributions of unpaid work time 
across the three automation scores, the estimated potential impacts of 
automation on time use are very similar across the three scores. While at 
the activity level there are substantive differences across the three 
scores, this variation is largely cancelled out once activities are 
aggregated. 

As women do the majority of domestic work in both countries (80 % 
for Japan and 65 % for the UK), the potential impact of unpaid work 
automation is especially high for women, particularly in Japan, where 
automation could reduce women's average domestic work time from 5.5 
h to just over 2 h on an average weekday, freeing up 3.5 h of time. A 
Japanese man would save just under an hour on an average weekday, a 
UK man – an hour and a half, and a UK woman around 3 h (Fig. 4). This 
would liberate considerable time for welfare-enhancing activities like 
sleep, leisure, skills acquisition, or paid work – the focus of the next 
section. 

11 When automation scores are applied to each unpaid work activity, we as
sume that individuals will prioritise freeing up their time in the following order: 
first in the time segment of 12:00–16:00, then in the segment of 8:00–12:00, 
and finally in the segment of 16:00–20:00 until the estimated day-total auto
mation time finishes. In this way, we maximize the chance of each respondent 
having “free time” from unpaid work during the “core working hours” between 
8 am to 8 pm.  
12 A well-established parallel literature on labour supply elasticities finds that 

increased wages pull individuals towards the labour market often at the 
expense of domestic work time. The strength of this pull varies between 
different demographic groups, countries, and time periods with women's labour 
supply typically higher than men's (Bargain & Peichl, 2016). Similarly, a recent 
study on women's response to a state-supported scheme for domestic work 
outsourcing in Belgium finds that the policy effects on women's employment 
rates varied by their skillset (Raz-Yurovich & Marx, 2019). No such research has 
been carried out for men so far.  
13 Note that some unpaid work activities, e.g., childcare, have different 

automation scores across countries. This is because the automation scores are 
initially assigned to 19 detailed activities. Using average scores from these 
specific activities we create automation scores for 9 broader activities (see 
Table 1 for the conversion list). 

14 In this paper we show the results only for F&O automation scores. Gender 
differences are similarly large with NRI and ONS automation scores available 
upon request. 
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Fig. 2-1. Weekday time use on unpaid work activities across F&O automation scores, by country.  

Fig. 2-2. Weekday time use on unpaid work activities across NRI automation scores, by country.  

E. Hertog et al.                                                                                                                                                                                                                                  



Technological Forecasting & Social Change 191 (2023) 122443

8

Fig. 2-3. Weekday time use on unpaid work activities across ONS automation scores, by country.  

Fig. 3-1. Weekday time use on unpaid work across Frey & Osborne (F&O) automation scores in Japan by gender.  
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4.3. Potential impacts on labour supply 

Our third research question asks how the estimated potential 
changes in time use could impact the supply of workers to the paid la
bour market. Fig. 5-1 shows the estimated change in the number of 
potential full-time workers in Japan and the UK by gender as a per
centage of the total number of working-age men and women respec
tively. As expected, the number of potential new full-time workers is the 
highest among Japanese women, amounting to around 2 % of working- 
age women (or 615,920 possible new female full-time workers) and 

Fig. 3-2. Weekday time use on unpaid work across Frey & Osborne (F&O) automation scores in the UK by gender.  

Table 3 
Annual hours spent on unpaid work by men and women aged 20–59.   

Men Women 

Japan UK Japan UK 

Annual unpaid work hours 445 947 1818 1793 

Note: these hours are calculated from weekdays and weekends data including 
those who do not engage in any unpaid work. 

Fig. 4. Observed and estimated time use on unpaid work in Japan and the UK 
by gender. 

Fig. 5-1. New full-time workers potentially supplied through domestic auto
mation in Japan and the UK, by gender. 
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lowest among Japanese men at around 0.3 % of working-age men. The 
same figures for UK women and men are around 0.5 % (or 173,605 
possible new female full-time workers) and 1 %, respectively. 

Time use data reveals that UK women's unpaid work time is 
concentrated in the core work hours (between 8 am and 8 pm), while 
Japanese women's domestic work is more evenly distributed throughout 
the day. As a result, even if substantial automation takes place, few UK 
women would secure eight consecutive hours free from unpaid work 
during core working hours unless domestic work is further reorganised. 
UK men tend to have a similar time use pattern to that of UK women, but 
they spend less time on unpaid work. Their labour market participation 
rate is also not as high as that of Japanese men. As a result, UK men have 
the second largest share of potential new full-time workers in the sub- 
populations examined. Finally, Japanese men have the lowest poten
tial for additional full-time workers after some unpaid work is auto
mated. This is because the employment rate for Japanese men aged 
20–59 already is very high (83.8 %). Moreover, about half of the Jap
anese men in this age group who do not have paid work do not spend any 
time on unpaid work on weekdays. Therefore, their labour supply is not 
sensitive to time-saving domestic technology. 

As people engage with different types of unpaid work activities in 
different stages of life, the impact of automation on the unpaid workload 
differs by age as well as gender. Here, we examine how the impacts of 
unpaid work automation differ by age in women, given their greater 
unpaid workload. Fig. 5-2 shows the percentages of potential new full- 
time workers among women by 10-year age groups in Japan and the 
UK. In Japan the proportion of new full-time workers among women is 
similar across all age groups apart from women in their 30s. The low 
potential for additional full-time employment among Japanese women 
in their 30s probably results from the fact that these women are most 
likely to have young children who need time-consuming care 
throughout the day and this care is hard to automate. In the UK, the 
estimated percentage of potential female full-time workers is high only 

for women in their 20s; presumably, most women in this group have not 
yet had children. Very few UK women in their 30s and older who are 
currently not working will have enough time free from unpaid work to 
work full-time even if a substantial amount of the unpaid work they do is 
automated. 

Finally, we show the estimated number of potential workers who 
could take on part-time jobs after some of the unpaid work they do is 
automated. As expected, the percentages of potential new part-time 
workers are much higher than those of full-time workers. Fig. 6-1 
shows that the shares of potential new part-time workers among those 

Fig. 5-2. New full-time female workers potentially supplied through domestic automation in Japan and the UK, by age group.  

Fig. 6-1. New part-time workers potentially supplied through domestic auto
mation in Japan and the UK, by gender. 
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aged 20 to 59 are the highest among Japanese women at around 5–7 %. 
The second highest group for this category of workers is UK women at 
around 4 %, followed by UK men at around 2 %. Japanese men have the 
lowest potential to join the labour market as new part-time workers at 1 
%. Considerably fewer UK women than men engage in paid work on 
weekdays (54.2 % vs 69.4 % in our UKTUS sample). Consequently, we 
find many more potential part-time workers among UK women, than 
among UK men. ONS scores result in higher estimates of potential new 
part-time workers compared to the other two scores. 

Fig. 6-2 shows the estimated percentages of potential new female 
part-time workers by age in Japan and the UK respectively. The per
centage of potential female part-time workers is higher among those in 
their 40s and older in Japan at around 6–9 %. The percentages calcu
lated with the F&O and the NRI scores are relatively low for those in 
their 20s and the 30s (2–4 %), while those calculated using the ONS 
scores result in substantially higher values (4–9 %). This is because the 
ONS score assigns a much higher automation score for childcare than the 
other two scores (see Table 1). In the UK, the percentage of potential 
new female part-time workers is the highest among those in their 50s 
(5–7 %), followed by those in their 30s and the 40s (3–5 %). Again, the 
calculated results with the ONS score are higher for younger age cate
gories (20s and 30s) because of the higher automatability score of 
childcare. 

5. Discussion and conclusions 

The future of work has attracted much academic and policy attention 
in recent years (Acemoglu et al., 2022; Autor and Dorn, 2013; Frey and 
Osborne, 2017; Goos and Manning, 2007). Unpaid household and care 
work is as important as paid work for wellbeing and the economy, as has 
been amply demonstrated during the COVID-19 pandemic. Yet the 
future of unpaid work has been neglected in this literature. In this 
article, we addressed this gap by estimating for the first time the 

potential impacts of new technologies on unpaid work in the UK and 
Japan, two highly developed countries where time use patterns in do
mestic work differ substantially. We applied three sets of automation 
scores that Frey and Osborne (2017) and other researchers originally 
developed for paid work occupations. This enabled us to estimate the 
rough probabilities of automation for various types of domestic work. 
We projected future time use patterns by applying these automation 
probabilities to existing time use data. Our calculations offered the first 
glimpse of how automation of household production using the latest 
wave of “smart” and “AI” technologies could change daily lives and how 
this could indirectly influence labour supply in both countries. 

We found that unpaid work, and housework in particular, is highly 
susceptible to automation across all the three automation score sets 
used. Automation could reduce total time used on unpaid work by 
50–60 % in both Japan and the UK, amounting to a reduction in the 
domestic workload by around three hours per day for women in these 
countries. At the upper boundary, time savings through domestic tech
nology could allow Japanese women in prime working age to increase 
their labour market participation rate from 72.8 % to 80.8 %, a level 
similar to that of egalitarian Nordic countries. Estimated employment 
increases are smaller for women in the UK and for men in both countries. 
The stronger potential impact on gender equality in Japan is to some 
extent due to the higher current levels of gender inequality there. 

The future of work literature has focused on the idea that firms can 
substitute new technologies for various types of labour (Arntz, Gregory, 
& Zierahn, 2017; Autor and Dorn, 2013; Frey and Osborne, 2017; Ste
phany and Lorenz, 2021). New technologies can thus address labour 
shortages but also bring about at least temporary unemployment as 
workers are displaced by robots. Our study points to the possibility that 
new technologies could have similar effects on labour markets also via a 
second, indirect channel: the reduction of time spent on unpaid work in 
the domestic sphere. By reducing the time spent on unpaid work, new 
technologies can free up more labour supply and thus further address 

Fig. 6-2. New part-time workers potentially supplied through domestic automation in Japan and the UK, by age.  
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labour shortages but also create at least temporary unemployment as 
people move into the labour market but are unable to find suitable jobs 
immediately. This means that the impacts of technology on labour 
markets are more complex than suggested by estimates that only 
consider the direct effects of automation on paid work. 

The distributional effects of domestic automation will depend largely 
on whose time is freed up from domestic work and which skills are in 
demand in the paid labour market. We show that smart domestic tech
nologies hold the potential to reduce existing gender inequalities in 
domestic workloads, reduce time spent on less enjoyable domestic tasks 
(such as routine housework), increase their users' discretionary time, 
and enable greater autonomy in old age. But given that many such 
technologies are likely to carry a substantial price tag, they could also 
exacerbate existing “available time” inequalities between rich and poor 
(Heisig, 2011; ONS, 2016). Automation of domestic tasks could also 
reduce opportunities in less skilled work currently outsourced by 
affluent households to especially to poorer women. 

Research on paid work automation has highlighted the need for 
policy interventions to mitigate possible harms such as temporary un
employment, increased income inequality, unfair hiring practices, and 
increased workplace surveillance (Acemoglu and Restrepo, 2020, 2022; 
Ball, 2022). In contrast, policy making related to unpaid work auto
mation has largely focused on the benefits, as policymakers in ageing 
societies are hoping that these technologies will become an effective tool 
to address the rising burdens of care (Wright, 2021). Limited attention 
has been paid to potential social consequences of these technologies 
displacing humans in at least some types of domestic work, or to privacy 
risks associated with data collection at home. There is emerging research 
evidence of abusive partners making use of digital domestic technolo
gies to terrorize their victims (e.g., Tanczer et al., 2021). Risks may be 
amplified in the case of domestic technologies as they will collect data 
from multiple household members, some of whom may lack the ability 
to give informed consent due to age or other factors. Given the high 
automatability potentials for domestic work tasks that we identified in 
this study, it is important that policymakers and regulators now turn 
their attention also to the risks associated with automation within pri
vate households. 

6. Future research 

This study offers the first estimates of the likelihood of future auto
mation of different domestic work activities and its consequences to 
time use. We focus on automation while acknowledging that domestic 
work time can also be influenced by other factors, such as changing price 
and availability of domestic services or changing household 
composition. 

A notable limitation of the Frey and Osborne automation scores that 
we used is that they rely on job descriptions that are now more than 9 
years old. We chose to use these scores because they come from seminal 
study in the field and one that many follow-up studies use as a starting 
point. The NRI and the ONS scores are also becoming slightly dated: the 
former is based on a Japanese database of occupations from 2012 and 
the latter on a UK database of occupations from 2017. These scores are 
the most recent ones available utilising Japanese and UK occupational 
data. But given the current pace the technological change, future re
searchers would ideally have access to scores based on more up-to-date 
job descriptions, or even develop new automation scores specifically for 
unpaid domestic work tasks. 

Another important weakness of our estimates is that they are based 
on the assumption that households will adopt technologies uniformly, 
independently of the technologies' costs and household members' pref
erences. These assumptions are, of course, unrealistic. Many “smart” and 
“AI” technologies that alleviate unpaid domestic work tasks are likely to 
carry a substantial price tag when they hit the market. Members of more 
affluent households could free up considerably more time to invest in 
their careers, human capital development, and well-being compared to 

members of less affluent households. That said, more educated people 
could be warier of adopting technologies that will limit interactive care 
work (like reading to, educating, and playing with children), resulting in 
a new digital divide where children and dependent elderly from more 
affluent households will receive more human care than their counter
parts from poorer backgrounds. 

Gender attitudes and values as well as relative wage levels available 
in formal employment compared with the price of smart technologies 
may also be important. Domestic responsibilities are often the reason 
why Japanese women opt for non-standard jobs. These jobs include part- 
time as well as fixed-term contracts. Such jobs tend to have shorter and 
fixed hours and are also associated with lower pay, fewer benefits, and 
lower chances for promotion in Japan. Among women aged 40 to 44, for 
example, non-standard employees make around 30 % less compared to 
regular workers annually (Ministry of Health Labour and Welfare, 
2021). Therefore, low-paid workers in part-time employment may 
continue to do household chores instead of paying for labour-saving 
domestic technology because they perceive a return to the labour mar
ket as less rewarding. For younger generations who have the option of 
using smart technologies before having children, by contrast, new 
technologies may help women maintain better-paid careers and pre
serve their human capital even as they move to having children. 

As discussed in the research design section, the use of automation 
scores from paid occupations may result in overestimation of unpaid 
work automation. Our assumption that every non-working person will 
join the labour market if only they had enough free time is also an 
oversimplification. Our estimated potential labour supply represents the 
upper limit on new workers, used to illustrate the scope of potential 
change automation could bring about. We do not consider other uses of 
the free time generated by domestic technology and do not consider the 
quality of these new workers or how they are matched in the labour 
market. When discussing cross-country variations in the consequences 
of domestic work automation, we do not account for country differences 
in people's willingness to adopt domestic automation technologies (e.g., 
Fortunati, 2018). To address these methodological shortcomings, future 
forecasting research should consider the affordability of domestic 
automation technologies and examine their social acceptability across 
different demographic groups. 

Finally, this study does not address the question of whether every
thing that can be automated should be automated. Automation raises 
issues around topics such as data privacy, quality of care, and conse
quences to human relationships. Similarly, we are silent on how 
household production standards could change when automation is 
adopted. Past innovations in household automation made possible new 
standards in hygiene and nutrition that created new tasks. Smart tech
nologies, too, could lead to changes in domestic work rather than merely 
reductions in the time spent on it. These are important topics that need 
to be addressed in future research. 
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Appendix A 

A.1. Time use surveys description 

The UK Time Use Survey (UKTUS) 2015 obtained a nationally 
representative sample of households and individuals using clustered, 
stratified sampling design, and asked respondents to complete time di
aries for two randomly allocated days, one weekday and one weekend 
day (Gershuny and Sullivan, 2017). A self-completed, open-ended, 24- 
hour time-diary format was used in the survey. All members of 
selected households aged 8 years old and older reported their main and 
secondary activities in 10-minute intervals. Respondents' time was 
coded into 277 possible activity codes. The survey was carried out over 
18 months between April 2014 and December 2015. 

The Japanese Survey on Time Use and Leisure Activities (STULA) 
2016 is a time diary study based on a nationally representative sample 
selected using a two-stage stratified sampling method (Statistics Bureau, 
2016). All persons aged 10 and over in the sample households were 
asked to respond to the survey. Survey respondents complete time di
aries on 2 consecutive days. The survey was carried out over 9 days in 
mid-October 2016 and oversampled Fridays, Saturdays, and Sundays. 
The diaries reported how the individuals were spending their time in 15- 
min intervals. Ninety-five per cent of the respondents were administered 
questionnaire A, and 5 % of the respondents were administered a more 
detailed questionnaire B. Questionnaire B respondents were asked to 
describe their activities in their own words, and these were post-coded 
into 108 different activities. Only questionnaire B allows an explora
tion of different domestic tasks, so our analysis is limited to question
naire B respondents. 

Both UKTUS and STULA surveys collected information about in
dividuals' time use, along with a range of social, economic, and de
mographic variables. Time use surveys, utilising time-diary instruments, 
yield reliable estimates of the time individuals spend in different ac
tivities throughout the day, providing critical insights into daily 

activities (Kan and Pudney, 2008). 
Having identified time use activities relevant to unpaid work from 

UKTUS and STULA we harmonised them into 19 activities. These 19 
activities are cooking, washing dishes, making textiles, laundry, 
gardening, pet care, shopping, home maintenance, car maintenance, 
service use, household management, other housework, physical care of a 
child, teaching a child, interacting with a child, accompanying a child, 
escorting a child, and care for an adult. They are further grouped into 9 
broader activities as shown in Table 2. Note that in both UKTUS and 
STULA, these 19 activities are recorded either as a main activity or a 
simultaneously conducted secondary activity in each time slot. We 
included both the main and the secondary activities when counting in
dividuals' time use on unpaid work. 

Appendix B. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.techfore.2023.122443. 
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