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Abstract 

Studies on socio-economic impacts of climate and energy policies tend to focus on income 

and expenditure effects. For analyses that go beyond monetary dimensions, time-diary data 

have proven to be useful. Here we investigate how work time relates to leisure activity 

structures and associated energy use for different types of employees. To this end, an 

analysis of time-use data is undertaken for Finland and France. Novel elements are (1) a 

differentiation between part-time and full-time employees, (2) the use of distinct energy 

intensities of different activities by household type instead of average energy intensities, 

and (3) allowing for non-linear relationships between work time and the allocation of other 

activities. Our results suggest that the effects of work time on energy use are rather 

homogeneous in Finland, whereas we find more differences between employee types in 

France. In both countries, adjustment of leisure-activity duration is sometimes strong 

initially but flattening for longer work hours. This relates to another finding, namely that 

the composition of leisure activities differs between people with distinct work hours. Our 

study suggests that analysis of disaggregated time-use data can add relevant insights for 

evaluation, and possibly design, of energy, climate and labour-market policies. 

 

Keywords: Employment status, energy demand, energy intensity, time-use analysis, work 

time. 

 

Highlights: 

• Activity allocation associated with work time is more heterogeneous in France than 

in Finland  

• The relation between work duration and certain leisure activities is non-linear 

• Employment status can moderate the link between work time and energy use 

• Disaggregated time-use data can support design of energy, climate and labour-

market policies.  
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1. Introduction 

Existing policies in the context of the climate crisis often aim at reducing greenhouse gas 

(GHG) emissions, while fostering or redistributing employment. Examples include work 

time reduction [1,2] or environmental tax reforms with revenue recycling through labour 

taxes [3]. Researchers frequently refer to multiple dividends of these policies, such as the 

‘double dividend’ of environmental and economic (efficiency) goals of tax reforms, or the 

‘triple dividends’ of work time reduction: “enhanced ecological sustainability, social equity 

and life satisfaction” [4]. 

Such comprehensive policies affect multiple aspects of human life and behaviour, 

including work and consumption decisions, work-life balance and societal arrangements, 

such as labour organisation. Yet quantitative approaches to assess policies for sustainability 

have often been limited to monetary effects [5]. Lately, more attention has been paid to the 

impacts of leisure time allocation and its environmental impact when work hours change 

[see e.g. 4,6]. These studies include time budgets into their analysis, but they tend to focus 

on average effects across populations. Doing so neglects potentially different impacts of 

work time on leisure activities and thus conceals which sub-groups should be targeted by 

policy interventions to effectively reduce energy demand.   

In this study we perform an activity-based time-use analysis of the impact of work 

time on leisure activities and energy use for Finland and France. Our focus is on the 

heterogeneity of activity patterns and their impact on energy use, especially with respect to 

individuals’ general availability of leisure time, which we measure through a respondent’s 

employment status (part-time or full-time). Four research questions (RQs) are guiding our 

analysis:  

(i) Which activities are undertaken more or less when comparing different 
levels of work time?  

(ii) How do people change duration of their leisure activities in response to 

changing work time?  

(iii) Does a person’s employment status moderate the allocation of leisure time?  

(iv) How does the energy use of leisure activities change in response to different 

work hours? 

To answer these questions, we estimate a number of econometric models relating work 

time, leisure activities and energy use, using national-level data for Finland and France. The 

context of the analysis is thus one of two wealthy European societies with relatively high 

rankings in energy use per capita. Total primary energy use per person for instance was 

6924.7 and 3692.0 kg of oil equivalent in 2015 in Finland and France, respectively [7]. There 

are however important cultural, geographic and socio-economic differences between the 

two countries. The sub-arctic Finnish climate explains higher energy consumption, typical 

for the Nordic countries, compared to the French temperate climate. There are also some 

important differences with respect to work patterns. According to its Fifth European 

Working Conditions Survey [8], dual-earner households are very common in both countries, 

but the share of households with a male ‘breadwinner’ is more dominant in France and the 

share of female ‘breadwinners’ is higher in Finland. Part-time contracts are much more 

usual among French women compared to men, whereas the gender shares are rather 

balanced in Finland [8]. From the fourth survey wave we also know that autonomy over 

working time is higher in Finland than in France [9]. While our empirical analysis does not 

include societal or labour market institutions, results should be interpreted against this 

geographical, cultural and institutional backdrop. 

The remainder of the paper is organised as follows. Section 2 offers an overview of the 

relevant literature and places our study therein. Data and methodology are explained in 
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Section 3. Section 4 presents the results of our econometric analysis, which are discussed in 

Section 5. Section 6 concludes. 

 

2. Literature review 

Time use has played an increasing role in recent undertakings to comprehend the 

environmental impact of household behaviour. The fact that both human well-being and 

emissions are not the sole and instantaneous result of the act of purchasing, but also arise 

from the use of goods and services over time, has led to the evaluation of environmental 

impacts of different activities per unit of time. Such studies typically combine national time-

use diaries with the respective household expenditure surveys to calculate energy use or 

emissions per hour of an activity [10–16]. The recent studies in particular highlight the 
importance of differentiating between various household types, because energy intensities 

of one activity can vary widely with context (think, for instance, about different modes of 

transportation).  

The relationship between work patterns and environmental impacts has been 

addressed especially in the context of work time reduction scenarios (see [17] for a 

systematic literature review). A number of empirical studies have been carried out with a 

macroeconomic focus, comparing average work time and environmental impact [1], energy 

use [18] or carbon footprints [19] across countries. These studies typically find that an 

increase in average work time by 1% leads to an increase in energy use or emissions by 

more than 1%. This effect is mostly attributed to income effects.  

A scenario analysis of five potential work time reduction policies  focusing on full-

time employees in the United Kingdom (UK) finds a large variation in mitigation potential 

[20]. Employee time use is one of many elements included in this analysis, alongside income 

effects and changes in business activities. It is assumed that additional leisure time is 

utilised consistent with current time-use patterns. 

Recently, a strand of literature has emerged that uses a microeconomic framing to 

analyse the marginal effects of a work time reduction on energy use and emissions [6] or on 

the triple dividend mentioned above [4]. Nässén and Larsson [6] calculate the average 

income elasticity of energy use for the Swedish population. The study connects expenditure 

and time-use data to distinguish between income and time effects. The results indicate a 

positive relationship between energy use and income and a negative relationship between 

energy use and work time. As the time effect (shift in activities) is weaker than the income 

effect, a 1% reduction in work time leads to a drop in energy use by 0.7%. Households with 

one or more unemployed or retired adult members are excluded from this sample. An open 

question remains why the reduction in emissions the study finds is lower than the estimates 

of most macroeconomic studies.   

Buhl and Acosta [4] apply a similar framework of marginal effects to German data. 

They look at the causal effects of work time reduction on activities using two waves from 

the German Socio-Economic Panel survey. Their mixed methods approach also includes 

interviews with people who have reduced their work hours. Analysing the triple dividend 

of work time reduction, they also disregard unemployed individuals when drawing 

conclusions about social equity impacts of work time reduction. While the study indicates 

potential quadratic relationships between work time and undertaking particular activities, 

these results are not pursued any further. 

So far household heterogeneity in terms of employment patterns as well as energy 

intensity per time unit of an activity remains neglected in these studies, especially given that 

other authors have highlighted the need for assessing differences across household groups. 

The environmental impact of particular activities can vary widely depending on factors such 
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as income, age, household size, urban form or employment status [14,21–23]. Particularly 

interesting from our perspective is a study by Gough et al. [21], which investigates drivers 

of GHG emissions in the United Kingdom based on the UK Expenditure and Food survey. 

While income is identified as the main driver, employment status alone explains 7% of 

variation in per capita emissions in their model. Although their findings indicate no 

significant difference between full-time employees and either part-time employees or 

retirees, unemployed individuals or self-employed people have significantly lower or higher 

emissions than full-time workers, respectively. Moreover, the study investigates differences 

in work time and occupation, without applying any time-use data which may help to explain 

how differences in emissions come about. 

Finally, the change in marginal duration of different activities is interesting. By 

analogy with the better known ‘marginal propensity to consume’, Buhl and Acosta [4] call 

this change ‘marginal propensity to time use’. Intuitively, it makes sense that the reaction in 

time use given an additional work hour is different for someone with a 40-hour work week, 

compared to someone with a 20-hour work week. The impacts of a change in working time 

at the margin are highly relevant to policy design: a non-linear ‘marginal propensity to time 

use’ would imply varying effectiveness for energy use reduction depending on the target 

group of a policy. 

Our study builds on microeconomic approaches to analysing energy use through 

activities as in [4,6]. Our contribution involves a focus on heterogeneity of individuals in 

terms of (a) differentiating between effects on occupational groups with varying degrees of 

available non-work time (i.e. part-time versus full-time employees), (b) using different 

energy intensities for different household types, and (c) allowing for non-linear 

relationships between work and other activities.  Finally, we extend the investigation of the 

relationship between work hours and non-work activities from Sweden and Germany in 

previous studies to Finland and France, motivated by data availability. Using harmonised 

activity data for two countries allows us to compare discrepancies in time allocation in 

different contexts. 

 

3. Data and method 

Conceptual framework 

In order to address the four research questions posed previously, three sets of regression 

models are estimated (Figure 1). Model 1 (M1) involves regressing the duration of each non-

work activity on average daily work hours, which allows us to investigate how leisure time 

is allocated by respondents with various levels of work. This can be thought of as a form of 

time budgeting: an increase (decrease) in work time will necessarily lead to a decrease 

(increase) in other activities. Model 2 (M2) investigates how the relative share of time in 

various activities changes with work time. These two steps address research questions (i) 

through (iii), which all concern the relationship between duration of paid work and other 

activities1. The relevant independent variables are work time (RQ i), squared work time (RQ 

ii), and an interaction term between work time and the employment status of a person. The 

latter allows to assess differences in effects between full-time and part-time employees (RQ 

iii). The categorisation is taken directly from the time use data base. Students and people 

who are retired, seeking work, or looking after family, but who work at least some hours, 

are also coded as working part-time. Regression Model 3 (M3) estimates the relationship 

                                                           
1 Note that there is not one model per research question, but rather certain model coefficients relate 
to specific questions. 
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between energy use during leisure time and working hours (RQ iv). Energy use is calculated 

based on the leisure activities performed by each household type. We use a consumption-

based approach to calculate total energy use and energy-intensity (per hour) during leisure 

time. The term ‘energy intensity’ appears throughout this paper to refer to energy use per 

unit of time, for one specific or all non-work activities. To obtain energy use, we multiply 

energy intensity factors per hour of each activity with the time spent on these activities. This 

means no energy use is allocated to time spent at work, which is in line with previous studies 

(as mentioned in Section 2). 

 

Working 
time

Absolute duration of 
different non-work 

activities

Energy use

Relative duration of 
different  non-work 

activities

Employment 
status

M1

M2

M3

Figure 1. Conceptual framework 
Note: Dark grey left box indicates the main independent variable and the light grey boxes on the right 

dependent variables of models M1-M3. The employment status is expected to moderate the 

relationship between work and leisure. 

 

Data sources 

Our main data source is the Multinational Time Use Survey (MTUS) [24]. It collects and 

harmonises time diary data from various countries. The analysis is performed using the 

most recent available time-use data sets, which are from 2009 for both countries. This data 

is originally collected in a diary format, where participants fill in information on their 

activities in 10-minute-intervals during up to two sample days, mostly one weekday and 

one weekend day. Reported activities are then coded and provided in 24 different 

categories. In each regression model we use observation weights provided by the MTUS 

data base  (‘PROPWT’), in order to ensure a representative sample in terms of days, gender 

and age (weekend days are over-represented, for instance)2. 

To link activity patterns to energy use, we are building on the energy-intensities of 

different activities estimated by Jalas and Juntunen [14] for Finland and de Lauretis et al. 

[22] for France. We assign 23 of the 24 activity categories (excluding paid work) from the 

MTUS data set to the categories used in those studies. Table A.1 in the Appendix offers an 

overview of the activity categories and the classifications used by [14] and [22] for 

calculating hourly energy intensities. Both papers group households according to age, civil 

and family status, i.e. whether someone lives with a partner and whether they have 

                                                           
2 For details on the construction of the weights, we refer the interested reader to the description 
section of the PROPWT variable on the MTUS website: https://www.mtusdata.org/. 
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children3. This household typology implicitly covers some other important factors, such as 

disposable income (typically lower for older people) or scale effects (reflected in household 

size).  

While the time-use categories are identical for both countries, an important 

difference that prohibits the two countries’ energy use to be directly comparable, is that the 

Finnish data includes embodied energy (used during the production of goods), whereas the 

data for France is limited to direct energy use (fuel, electricity, etc.). Both studies calculate 

energy use by combining expenditure survey data with time-use data. De Lauretis et al. [22] 

additionally use housing, appliance and mobility surveys. For Finland, monetary values are 

converted into energy demand using environmentally-extended input-output tables with a 

four-digit COICOP classification of goods. For France, energy expenses are converted using 

energy prices specific to energy form and household type. Table A.6.a in the Appendix 

indicates the average energy intensity for each activity group from the two reference 

studies. We refer the interested reader to the two original studies [14,22] for further details 

on energy intensity calculations. Keeping these differences in mind, our results on energy 

use should be seen as outcomes pertaining to different contexts, rather than as a direct 

country comparison. 

Data preparation 

The time-use data is provided through two data bases which contain different variables 

from the same survey (MTUS and MTUS-X). Thus, we first have to merge these data sets 

based on observations’ unique identifiers. As we are mainly interested in the workforce, we 

then discard observations of minors below the age of 16 years and unemployed people, as 

well as observations which were neither categorised as full-time employed or part-time 

employed and who had not indicated any work on the sample day or during the week 
preceding the sample day. Lastly, we delete observations which lack information on weekly 

work hours, control variables or activities throughout the day or which cannot be assigned 

to any of the household types used in the underlying energy use studies. The remaining 

sample size is 3,291 observations for Finland and 10,983 for France. The observations 

represent person-days and the sample covers 1,756 individuals (1,223 households) for 

Finland and 6,976 individuals (5,218 households) for France.  

We test whether the data preparation leads to a biased sample by performing a 

Kolmogorov-Smirnov test (with the null hypothesis that the two samples are drawn from 

the same distribution) and a Wilcox rank sum test (equivalent to the Mann-Whitney test, 

with the null hypothesis that the two distributions differ in terms of a location shift, see 

Table A.3 in the Appendix). The results for Finland show that household size, age, education 

level and employment status of missing observations differ from the overall sample, with 

differences in means between the final sample and eliminated values being equal to 6.78% 

(household size), 3,76% (age), 1.4% (education) and 3.53% (employment status).  People 

in the remaining sample tend to live in slightly larger households, are less educated, older 

and more often full-time employed. For the French sample, the observations we delete are 

also slightly older and from larger households. The deleted observations include more 

educated, female, full-time and higher-income respondents. These differences in means are 

all within 5%, except for employment status (13.01%). Table 1 offers an overview of the 

main variables in the final data set. 

Econometric analysis 

                                                           
3 The categories for both countries are ‘Single < 65’, ‘Couple, reference person < 65’, ‘Single parent’, 
‘Couple with children’, ‘Couple, reference person > 65’, and for France in addition ‘Other’. 
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We estimate three regression equations with the following specification:  

𝑌𝑖,𝑗,𝑑 = 𝛽0 + 𝛽1𝑊𝑇𝑗 + 𝛽2𝑊𝑇𝑗
2 + 𝛽3𝑊𝑇𝑗 ∗ 𝑃𝑇𝑗 + 𝛽4𝑃𝑇𝑗 + 𝛽𝑛𝐶𝑛,𝑗,𝑑 + 𝜇𝑑 + 𝑢𝑖,𝑗 

In the first set of regressions (M1) 𝑌𝑖,𝑗,𝑑 is the time person j spends on activity i ( i=1,…, 23) 

on day d (measured in minutes). The second set of models (M2) is estimated using the share 

of non-work time for each activity as an outcome (𝑌𝑖,𝑗,𝑑) to investigate relative changes in 

pastimes. In the third set (M3), energy use during leisure acts as the dependent variable, 

𝑌𝑖,𝑗,𝑑, so we can get an idea of potential environmental impacts. 𝑊𝑇𝑗 , represents the work 

time, i.e. the hours individual j spent in paid work on per day during the preceding week. 

𝑃𝑇𝑗 indicates person j’s employment status (1 for part-time employees). More time poverty 

implies less leisure time to reschedule certain activities to a different time slot. We further 

integrate interaction terms between WT and PT, as we expect the effect of an additional 

hour of work to be different depending on a respondent’s employment status (reflecting the 

long-term level of work time). This reduces potential variation in work time across weeks, 

as the variable for weekly work hours is based on information about one week only. 

Additionally, being a part-time worker can capture other unobserved characteristics 

regarding a respondent’s life stage or non-work duties, for instance, related to parenthood 

or education. 

 𝐶𝑛,𝑗,𝑑 is a vector of n person-specific control variables including age, gender, household 

size, education level, income group and a work day dummy (1 if respondent worked at least 
30 minutes on the diary day). 𝜇𝑑  is a vector of time-specific fixed effects for month and day 

of the week, accounting for the idea that many social practices differ between days or month 

[25,26]. 𝑢𝑖,𝑗 is the error term.4 

 

                                                           
4We also considered the sector of employment (public versus private), self-reported stress levels and 
work time of other household members. The employment sector and stress levels show a significant 
coefficient for few activities, but are only available for Finland. The work time of other household 
members proves to be significant only for certain activities among the French sample, while cutting 
the sample size approximately by half in both countries. We thus discarded these potential control 
variables. The results are available from the authors upon request. 
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Table 1. Summary of main variables by country and occupational status 

Finland France 

 Full-time  
(N=2957) 

Part-time  
(N=334) 

Overall 
(N=3291) 

Full-time  
(N=9146) 

Part-time  
(N=1837) 

Overall 
(N=10983) 

    

Average daily work time (WT)*        

Mean 
(SD) 

5.75  
(1.02) 

2.42  
(1.02) 

5.41  
(1.43) 

5.33  
(1.32) 

3.10  
(1.20) 

4.96  
(1.55) 

    

Median 
[Min, Max] 

5.43  
[4.29, 13.9] 

2.86  
[0.143, 4.14] 

5.43  
[0.143, 13.9] 

5.29  
[0.429, 14.1] 

3.29  
[0.143, 5.29] 

5.00  
[0.143, 14.1] 

    

Household size          

Mean 
(SD) 

2.95  
(1.35) 

2.80  
(1.58) 

2.93  
(1.38) 

2.75  
(1.31) 

2.96  
(1.34) 

2.78  
(1.32) 

    

Median 
[Min, Max] 

3.00  
[1.00, 10.0] 

2.00  
[1.00, 9.00] 

3.00  
[1.00, 10.0] 

3.00  
[1.00, 11.0] 

3.00  
[1.00, 11.0] 

3.00  
[1.00, 11.0] 

    

Age           

Mean 
(SD) 

43.3  
(11.2) 

42.6  
(17.8) 

43.3  
(12.1) 

42.2  
(10.5) 

42.9  
(11.3) 

42.3  
(10.6) 

    

Median 
[Min, Max] 

45.0  
[16.0, 71.0] 

46.0  
[16.0, 78.0] 

45.0  
[16.0, 78.0] 

42.0  
[16.0, 69.0] 

43.0  
[18.0, 68.0] 

42.0  
[16.0, 69.0] 

    

Gender           

Mean 
(SD) 

1.52  
(0.500) 

1.74  
(0.441) 

1.54  
(0.498) 

1.45  
(0.498) 

1.83  
(0.378) 

1.52  
(0.500) 

    

Median 
[Min, Max] 

2.00  
[1.00, 2.00] 

2.00  
[1.00, 2.00] 

2.00  
[1.00, 2.00] 

1.00  
[1.00, 2.00] 

2.00  
[1.00, 2.00] 

2.00 
 [1.00, 2.00] 

    

Education           

Below 
Secondary 

1509 
(51.0%) 

180  
(53.9%) 

1689 
(51.3%) 

1378  
(15.1%) 

442  
(24.1%) 

1820  
(16.6%) 

    

Completed 
Secondary 

1448 
(49.0%) 

154  
(46.1%) 

1602 
(48.7%) 

4928  
(53.9%) 

998  
(54.3%) 

5926  
(54.0%) 

    

Above 
Secondary 

- - - 
2840  

(31.1%) 
397  

(21.6%) 
3237  

(29.5%) 
    

Income           

Lowest 
quartile 

371 (12.5%) 
93  

(27.8%) 
464  

(14.1%) 
1311  

(14.3%) 
465  

(25.3%) 
1776  

(16.2%) 
    

Medium 
quartiles 

1613 
(54.5%) 

157  
(47.0%) 

1770 
(53.8%) 

4092  
(44.7%) 

835  
(45.5%) 

4927  
(44.9%) 

    

Highest 
quartile 

973  
(32.9%) 

84  
(25.1%) 

1057 
(32.1%) 

3743  
(40.9%) 

537  
(29.2%) 

4280  
(39.0%) 

    

Work day    

Mean (SD) 
0.474 

(0.499) 
0.389  

(0.488) 
0.466 

(0.499) 
0.558  

(0.497) 
0.484  

(0.500) 
0.546  

(0.498) 
    

Median 
[Min, Max] 

0  
[0, 1.00] 

0  
[0, 1.00] 

0  
[0, 1.00] 

1.00  
[0, 1.00] 

0  
[0, 1.00] 

1.00  
[0, 1.00] 

    

Note: * Main explanatory variable. Figure A.2 in the Appendix contains histograms of work time by 

group.
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As the correlation between employment status and work time (𝑊𝑇𝑗) is potentially high, 

we need to check for multicollinearity. The Pearson correlation coefficient for the two 

variables is -0.537 in France and -0.701 in Finland (both p-values < 2.2e-16). As the 

generalised variance inflation factor (GVIF) for employment status and the interaction term 

are very high (41.24 and 18.15 for Finland; 16.07 and 11.80 for France), we add the 

covariates one by one, as recommended by Murray et al. [27] for regression models with 

dummy variables. When we leave out the quadratic term (WT2), the GVIFs remain below the 

popular benchmark of 10 for both countries, indicating that there is no multicollinearity 

between the variables used.  

Time-use data fluctuates a lot on a day-to-day basis. As some activities are not 
performed daily, their duration may be underreported. This is reflected in the high number 

of zero values for basically all activities. Another unique feature of time diary data is that it 

is usually based on only two sample days per person, whereas other household surveys 

often cover a whole week. Using person-day specific activities as an independent variable 

typically does not allow to distinguish intra-personal from inter-personal variation [28]. We 

thus use person-specific weekly work time, rather than the work reported on each sample 

day. While the particularities of time diary data do not lead to biased OLS estimates, a higher 

fraction of zero-value observations leads to higher standard errors and lower R2 [29]. To 

account for the fact that we normally have two observations per individual (on a weekday 

and on a weekend), we report clustered standard errors for all regression models.  

 

4. Results 

4.1. Time-use results 

Absolute and relative time allocation 

We first regress the absolute and relative duration of all 23 non-work activities on average 

daily working time. To show absolute and relative changes combined, Figure 2 represents 

the marginal effects of a change in WT for both countries in Cartesian coordinate systems5. 

Each point represents one activity, its x-coordinate being the marginal relative change in 

the activity’s share of leisure time associated with a one-hour increase of paid work per day, 

and its y-coordinate reflecting the marginal absolute change in minutes associated with an 

additional hour at work. Using this visualisation, we can separate how different types of 

activities relate to changes in times of paid work, both in absolute and relative terms. For 

example, the time spent on sleeping is lower among respondents with higher work hours 

(negative y-coordinate), while the share of leisure time spent on sleeping increases 

(positive x-coordinate).  

Activities in the upper right quadrant play a complementary role to work. For 

respondents with longer work hours, these activities increase in absolute and relative 

terms. For Finland none of the activities in this quadrant is significant. For the French 

sample, commuting and personal care show positive significant coefficients in both 

regression models, meaning that respondents with higher average work hours engage 

longer in these activities. 

The lower left quadrant of Figure 2 includes all activities whose duration decreases 

in absolute and relative terms. There appears to be some sort of substitution between these 

activities and paid work. Examples are sports, reading or media use. All these activities are 

performed significantly less among people with longer work hours. In Finland child care 1 

                                                           
5 Note that we show the marginal effects for an average worker, i.e. calculating the effects using the 
mean of work time (WT) for each sample. 
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(playing, talking, etc.) is also significantly lower among people who work more. In France 

many household tasks and chores, such as shopping, gardening, maintenance and food 

preparation also fall in this category.  

The lower right quadrant shows what we call ‘weak substitutes for work’. While 

these activities are reduced in absolute terms, they gain a larger share of leisure time when 

work hours increase. These are mostly activities which can only be reduced to some extent 

because they are essential for a healthy lifestyle, in particular sleep. Time is reallocated 

away from activities in the lower left quadrant towards those in the lower right quadrant 

for respondents with longer work hours. Expectedly no activities fall in the upper left 

quadrant (increase in absolute duration while falling as a share of leisure).  

It is apparent that only a modest number of activities are affected significantly 

according to our pre-defined confidence levels. Religious activities, voluntary work and 

medical child care seem to be linked least to paid work, compared to other activities (small 

and mostly insignificant estimates). We find the largest relative effects for sleep in both 

countries. The French sample shows a higher number of significantly affected activities. This 

suggests a more diverse re-allocation of leisure when people face different work time. The 

detailed results in traditional table form can be found in Tables A.4 and A.5 in the Appendix. 
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Figure 2. Relative and absolute changes in activity duration associated with a one-hour 

increase of work 
Note: Finland (upper plot) and France (lower plot). Coordinates reflect the total marginal effect of a 

change in work time (including interaction term and squared term). Transparency of the points 

indicates whether the respective 𝛽1 coefficients in the two models, M1 and M2, are at least 

statistically significant at the 5% level.  

 

Non-linear effects  

Our second research question was how activity allocation changes, particularly whether 

changes in activity duration are linear, an implicit assumption in previous studies. Indeed, 

this does not seem to be the case for all activities. Several regression models show 

significant coefficients for the square of average daily work time (WT2), indicating relevant 

differences in the marginal effect of an hour worked on activity allocation. Figure 3 displays 

the predicted duration of activities where the change in time allotted is non-linearly related 
to work hours (with p<0.05) for an average person. For activities with significant 

interaction between WT and the part-time dummy (PT), we plot the marginal effects for the 

average full-time employee and part-time employee, respectively.  

In the Finnish sample three activities show significant (p < 0.05) quadratic terms:  

sports, PC/Internet use and child care 1.  PC/Internet use and child care show significant 

group differences.6 In line with the 𝛽1 coefficients (M1), these activities all decrease with 

work hours, mostly in a convex manner, i.e. flattening with a rise in WT. An exception is child 

care among part-time employees, which is positively related with work time.   

In the French sample nine activities show significant coefficients for the quadratic 

term: sports, commuting, food preparation, personal care, maintenance, sleep, reading, 

shopping and elderly care. Many of them also show significant group differences between 

the two employment types7. Commuting time and personal care increase with decreasing 

marginal effects. All other activities fall concavely when work time increases. Comparing 

the two employment groups, almost all activities change stronger among full-time workers 

than part-time workers, potentially indicating a more targeted adjustment by full-time 

workers, or put the other way around, more variation in the activity patterns of part-time 

workers. An exception is child care in Finland, where we see opposite effects between the 

two groups.  

The insights are also interesting from an energy/environmental point of view. 

Energy-intensive commuting time increases in France, while the Finnish coefficient is 

negative (albeit not statistically significant). Furthermore, commuting in France increases 

more strongly with work time among full-time than part-time employees, for example.  The 

reduction of maintenance time with rising work hours might point towards a ‘throw-away’ 

behaviour, rather than prolonging the lifetime of consumption goods. 

 

                                                           
6 The relationship between work hours and reading and education also differs significantly between 
employment groups. These are not displayed here because their squared term was non-significant 
(see Table A.4.a). 
7 For France, PC/Internet use and education are also affected differently (with significant 
coefficients) for full-time and part-time workers (see Table A.4.b).  
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Figure 3. Significant non-linear regression lines 
Note: Finland (upper row) and France (lower three rows). Coloured activities have a significantly 

different relationship for different employment groups. 
 

4.2 Energy use results 

In order to investigate the impact of different work and activity patterns on energy use (RQ 

iv), we calculated the total energy use per sample day according to the following formula: 

𝐸𝑈𝑡𝑜𝑡𝑎𝑙 = ∑∑∑𝐴𝑖,ℎ,𝑑 ∗ 𝐸𝐼𝑖,ℎ

𝐻

ℎ=1

𝐼

𝑖=1

𝐷

𝑑=1

 

𝐴𝑖,ℎ,𝑑 is the duration of activity i (in hours) on day d of a household of type h. 𝐸𝐼𝑖,ℎ is the 

corresponding energy intensity of each activity for the particular household type as 

calculated by Jalas and Juntunen [14] and de Lauretis et al. [22]. They both provide average 

energy intensities per activity for six different household types distinct in terms of age, civil 

status and the number of children. It is not possible to compare energy use directly between 
the two countries for two reasons. First, they categorise activities differently. Secondly, they 

do not use the same indicator, namely direct energy use in France versus total energy use 

in Finland. 

Our last set of regressions (M3) then estimates the relationship between average 

daily work time (WT) and individuals’ energy use during leisure time. The time-use results 

from Section 4.1 serve as a guide for interpreting the changes in energy use we observe in 

this section. An overview of the contribution of the different activities to total energy use is 

provided in Figure A.6.b in the Appendix.  

As energy use during leisure depends on the total leisure time available, we estimated both, 

total energy use (in kWh) and the energy-intensity of leisure (in kWh/h) as outcome 
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variables. Table 2 presents the results of these regressions. Total energy use during leisure 

is significantly related to the time spent in paid work only in France. However, for Finland 

the estimate similarly points to an inverse relation, although it is not significant at our pre-

defined level. As higher work time implies less leisure time by definition and thus less 

potential for energy use, the negative coefficients for total energy use are in line with what 

we expected. For France we find a significantly different effect of work time on energy use 

(or the slope of the curve) between the two employment groups. 

Regarding the energy intensity of non-work time, we cannot confirm that this 

variable changes with hours in paid work for Finland. None of the coefficients related to 

work time is significant. More important determinants for energy-intensity seem to be 

household size and gender. Age plays a significant role in France, whereas the coefficients 

for income groups are only significant for Finland. Note, however, that the energy reduction 

associated with less leisure is irrespective of the respondent’s income group. Figure 4 

illustrates the relationship between energy use and time in paid work for both countries.  
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Table 2. Effect of work time on total energy use and energy intensity of leisure 

 Finland France 

Total energy use Energy 
intensity 

Total energy use Energy 
intensity 

WT -8.255 -0.387 -1.701*** -0.021 

(5.824) (0.277) (0.242) (0.011) 

WT2 0.325 0.016 0.089*** 0.001 

(0.376) (0.018) (0.02) (0.001) 

Part-time -14.709 -1.189 -1.376 0.015 

(21.359) (1.017) (0.827) (0.037) 

WT*Part-time 4.308 0.28 0.588** 0.005 

 (5.292) (0.252) (0.210) (0.009) 

Age -0.031 -0.007 0.103*** 0.006*** 

(0.086) (0.004) (0.008) (0.0003) 

Gender 4.833* 0.254* 4.620*** 0.222*** 

(2.103) (0.100) (0.163) (0.007) 

Completed 2ary Education -4.031 -0.250* -0.472* -0.007 

(2.082) (0.099) (0.223) (0.01) 

Above 2ary education   -1.037*** -0.036** 

  (0.267) (0.012) 

HH size -14.861*** -0.743*** 0.416*** 0.018*** 

(0.792) (0.038) (0.066) (0.003) 

Medium Income 10.942*** 0.628*** -0.168 -0.01 

(3.117) (0.148) (0.245) (0.011) 

High Income 17.298*** 0.941*** -0.267 -0.007 

(3.511) (0.167) (0.279) (0.013) 

WD -35.185*** 0.034 -12.506*** -0.161*** 

(2.436) (0.116) (0.190) (0.009) 

Intercept 174.407*** 7.995*** 26.703*** 0.877*** 

(22.657) (1.079) (1.044) (0.047) 

Time FE Yes Yes Yes Yes 

N 3,290 3,290 12,295 12,295 

R2 0.221 0.142 0.441 0.186 

Adjusted R2 0.214 0.135 0.439 0.184 

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001 
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Figure 4. Regression line for energy use for different average daily work time.  

 

5. Discussion 

We set out to investigate heterogeneity in work-leisure patterns and the resulting energy 

use. Our findings suggest that (1) certain activities have a non-linear relationship with 

working time, (2) marginal allocation of time differs between part-time and full-time 

workers, and (3) inter-country differences exist in the allocation of leisure8. These non-

linear and group-specific patterns also translate into differentiated energy use in France, 

but not in Finland. 

 Our first research question aimed to identify the reallocation patterns of non-work 

time given different levels of paid work. We find that many, but not all activities are reduced 

when work hours increase. Among activities with the strongest reductions are sports, 

reading and PC/Internet use. Personal care and commuting seem to have a significant 

complementary role to work in France. Sleep falls in absolute duration, but increases in 

relation to other activities. As people work more, time is shifted away from care, sports, 

reading and PC/Internet use towards sleep in both countries. While we observe some 

similarities, there are also important differences in the reallocation of time between Finland 

and France.  

Most notably, the correlation between commuting and work time is positive in 

France, but negative in Finland. There may be several explanations for this. For instance 

that telecommuting may be more common in Finland – the country has a very high share of 

‘e-nomads’ [8], or that the distance to the workplace is shorter. Differences in transportation 

modes or traffic can play a role as well. The bottom line is that it is important to understand 

these context-specific effects when one aims to implement policies related to work and 

energy use. The higher number of significantly affected activities in France indicates a more 

diverse re-allocation of time. This may be due to a more heterogeneous structure of the 

population (for example due to migration backgrounds), or due to distinct work culture and 

institutions. Household chores, such as shopping, cleaning or food preparation showed 

                                                           
8 The inter-country difference in the effect of work time on activity duration (M1) is statistically 
significant (p<0.05) for commuting, food preparation, personal care, reading, cleaning, PC use, going 
out, maintenance, education and child care. Results are available from the authors on request. 
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positive coefficients for Finland and negative ones for France. This is in line with the 

common dual-earner classification for Finland, versus a homemaker-breadwinner 

distinction between household members in France. While we did not study such cultural 

implications and explanations here, it is important to acknowledge that these differences 

between countries exist. 

Regarding research question (ii) our results suggest that not all activities are simply 

scaled down linearly when work hours increase. Reductions in some activities are stronger 

for the first hours of work and flattening for longer work hours and vice versa (see Figure 

3). Due to these distinct marginal reductions, the composition of leisure time in relative 

terms changes under distinct amounts of work hours. Typically, time is deducted from 

certain leisure activities and household chores, in favour of activities sustaining a person 

physically (e.g. sleep or personal care). The time for voluntary work and religious activities 

is hardly affected in both countries. Among activities with a significant quadratic term, 

changes are typically stronger at first and flattening for longer hours. This indicates that 

there is a strong effect of work time on particular activities, which diffuses to a wider range 

of activity changes among respondents who work a lot. 

Research question (iii) concerned the moderation of effects by a respondent’s 

employment status. We find that allocation of non-work time differs between part-time and 

full-time employees, especially in France. This is a potential reflection of stricter separation 

of tasks within households. The direction of change for most activities is similar when 

considering the average person (see Figure 2), and changes seem to be stronger for the full-

time employees. One could interpret this as a more consistent re-allocation of time within 

this group, whereas time is reallocated to more activities among part-time employees. One 

very interesting result is the positive effect of work time on child care for part-time 

employees in Finland. One possible explanation is related to life stages. In the group of part-

time employees with shorter work hours (<15) the share of students is more than twice as 

high as among part-time workers with 15 or more hours per week. The former also have 

13% less children on average. Generally, we see that the allocation of leisure time is more 

diverse in France than in Finland. This is possibly due to cultural diversity compared to a 

more homogeneous population in Finland. 

Regarding our last research question, total energy use during leisure falls with rising 

hours at work for France. This makes sense, because it reflects an overall reduction in time 

during which we account for energy use. Interestingly, we cannot confirm this result for 

Finland. One reason could be a shift towards more energy-intensive leisure activities among 

respondents who work more. However, we do not see changes in the energy-intensity of 

leisure either. Hence, another explanation is more likely. Embodied energy, which is 

measured for Finland, includes energy use throughout the production process of goods and 
can be expected to vary less with time spent using these goods, whereas direct energy use 

used for France is typically directly linked to the use of goods or services (e.g. transport fuels 

for driving your car). Comparing this with the significant impact of income group affiliation 

in Finland, a tentative conclusion may be that while work hours are a more relevant for 

direct energy use, income effects dominate overall energy use (including embodied energy). 

The non-linear relationship with different slopes for part-time and full-time workers in the 

French sample reflects the results of the time-reallocation (Figure 3). As mentioned before, 

there is no significant effect of work time on the energy intensity of leisure in either of the 

countries. We can conclude that there is no time-effect on energy intensity.  

Similar to the findings in Buhl and Acosta [4], we see relatively large time-use effects 

for certain hobbies, in particular sports and reading. On the other hand, we see less 

significant changes in household work and the largest effects for sleep. The latter findings 

are conflicting with previous evidence [4]. One reason could be that – contrary to Buhl and 
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Acosta [4] – we are not using sample day work as an independent variable, but weekly work 

hours. Thus, the coefficients from our study can be clearly interpreted as the extent to which 

time spent on an activity differs for people who engage on average one more hour per day 

in paid work and do not include intra-personal variation between sample days. Our energy 

use results are comparable to results of Nässén and Larsson [6]. We find that for a typical 

full time employee, a work time reduction by 1% corresponds to an increase in energy use 

by approximately 0.22% in Finland and 0.25% in France (0.05% for part-time employees), 

compared to 0.23% in Nässén and Larsson’s study for Sweden [6].9  

Contrary to Gough et al. [21], who find that the effect of hours worked on GHG 

emissions in the UK is statistically insignificant when combined with employment status, 

we see that for France the WT coefficient remains significant. For the same country, the 

effect of an additional work hour on total energy use differs significantly between the two 

groups, with reductions in energy use associated with an extra hour of work being 

significantly weaker for part-time employees compared to full-time employees (p < 0.01). 

Limitations 
This study faces several limitations that we would like to mention. First, we had to rely on 

cross-sectional data from 2009 for our analysis. Due to the nature of the data we abstain 

from any causal inference or policy scenarios. Scientists and policy makers could greatly 

benefit from more frequent data collection in a time series manner to understand dynamics 

of different lifestyles and how they drive energy use.  

Second, we relied on other studies for the energy use estimates, which were not 

overlapping entirely. This complicates the inter-country comparison regarding energy use, 

although it should not affect our main results. As recently highlighted also by [17] it is 

generally a challenging task to match activity data with material footprints, as expenditure 

surveys and time diaries are collected separately. Collecting these data together could 

improve estimations of energy (or material) intensity of different activities greatly. One 

problem is, for instance, that the energy intensities for a given household type are fixed and 

cannot change over time. 

Third, household income has been discussed widely as one of the main drivers for 

energy use or GHG emissions more generally [14,18,25,26]. While we control for income 

quantiles in all regression models and our household typology reflects income to a certain 

extent, a lack of detailed income data prevents us from clearly separating time and income 

effects.  We cannot control for any effects of income adjustments following an actual work 

time reduction on energy use or differences within a household’s income group. 

Additionally, better income data would be desirable to discuss the role of income in time 

budgeting, given differences in employment status. 

 

6. Conclusions 

Few studies have undertaken time-use analyses in the context of labour markets, leisure 

activities and energy use. Here we performed a time-use analysis of the relationship 

between work time, leisure and energy use of individuals in Finland and France. Using time-

diary data on 23 activities, we applied an econometric approach to study how time is 

allocated among individuals with distinct levels of work time and different employment 

status. Using energy intensity factors per time unit of each activity for six different 

household types, we calculated total energy use during leisure as well as energy intensity 

                                                           
9 Note that our estimates are not a pure time effect, as we cannot perfectly control for all income 
effects. 
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(per hour of leisure). From this we estimated the relationship between work hours and 

energy use.   

We find heterogeneity in this work-energy relationship, especially within the French 

sample, where total energy use is affected differently between part-time and full-time 

workers. In France, energy use reductions are stronger among full-time than part-time 

employees. We also find a non-linear change in total energy use for respondents with 

distinct levels of work time. Energy use reductions are stronger during the first hours of 

work, but flattening for longer hours. The differences in patterns between the two countries 

may be due to the measure of energy use applied. In particular, direct energy use, as 

measured for France, is likely to vary much more with activity time than indirect energy use 

(occurring during production) as captured by the Finnish energy data. To study this further, 

internationally comparable energy use estimates of activities are needed. However, one 

should generally avoid simply transferring results for one country to another. 

The changes in absolute duration of activities that go along with varying work hours, 

as well as shifts in respective relative shares of leisure activities were only somewhat 

similar for both countries. Higher working hours lead to time being shifted away from 

exercising, reading and PC use to self-sustaining activities, such as personal care or sleeping, 

and in the case of France to commuting. Variation in these activities across employment 

groups in France leads to the distinct marginal effects on energy intensity between the two 

worker types.  

More research is needed to clarify the variation between employment groups. This 

could help overcome the gap in micro- and macro-estimates of the work-time-energy 

relationship other studies have found. The variation in marginal effects of work hours on 

energy use also implies that changing work hours among distinct employment groups can 

lead to different environmental outcomes. Hence, paying close attention to time-use 

patterns of different segments of the labour force is crucial for policy makers when combing 

the aims of ‘decent work’ and ‘climate action’, as formulated in the United Nations’ 

Sustainable Development Goals [32]. Relatedly, carbon taxation is frequently linked to cuts 

in labour-related taxes, such as in Canada [33] or Finland [34], which may affect energy use 

and emissions through work time and activity patterns. In view of this, taking time-use into 

account could help to formulate better targeted and thus more effective climate policies.  
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Appendix 

A.1 Original activities and categorisations used by other authors 

TUS activities Description of activities according to MTUS Jalas & Juntunen (2015) De Lauretis et al. (2017) 

Sleep Sleep and naps - Sleep 

Eating & Drinking Meals or snacks, also at work, school or 

elsewhere 

Eating Eating at home 

Personal care Wash, dress, care for yourself Personal hygiene, dressing Personal time 

Education Regular schooling, , homework, other education Studies Work & study 

Food preparation Food preparation, cooking, setting table, 

washing dishes 

Eating Housework: meals 

Cleaning, etc. Cleaning, laundry, ironing, repair clothing, other 

domestic work 

Housework Housework: home, 

Housework: clothes 

Maintenance Home/vehicle maintenance or improvement, 

collecting fuel 

Maintenance work Housework: home 

Shopping & Services Purchasing goods, consuming personal care 

services/other services 

Shopping, personal services, 

public administration and 

related trips 

Shopping & administration 

Gardening Gardening, foraging, hunting, fishing Maintenance work Housework: home 

Pet care Walking dog, etc. - Care 

Adult care Caring for adult person, e.g. elderly - Care 

Medical child care 

(Child care 2) 

Physical or medical child care, supervision - Care 

Child care (Child care 

1) 

Teach skills, help with homework, read, talk 

play with children 

- Care 

Religion Worship and religious activity - - 

Voluntary work Voluntary work, civic or organisational activity - - 

Commuting Travel to/from work, education related travel Trips to work and study Commuting (ancillary) 

Traveling Travel for voluntary/ civic/ religious activity, 

care-related travel, travel for shopping, etc. 

Free time trips Other travel time (ancillary) 

Sports exercise General sports or exercise, walking, cycling Sports and recreation Non energy-intensive leisure 

Sports & outings 

TV & radio Listen to music, radio, watching TV/DVD or 

streaming content 

Television Energy-intensive leisure 

Reading Reading Reading Non energy-intensive leisure 

PC/ Internet use Play computer games, email, surfing the 

Internet, programming, computing 

Phone conversations Energy-intensive leisure 

Going out Out-of-home leisure, attending sports or public 

event, cinema, theatre, opera, concert, 

restaurant, café, bar, pub, party, reception, social 

event, gambling and other 

Eating 

Cultural events 

Hobbies 

Eating out 

Sports & outings 

Leisure Receive or visit friends, conversation, games, 

general indoor leisure, artistic or musical 

activity, written correspondence, knit, craft or 

hobbies, relaxing, thinking  

Phone conversations 

Hobbies 

Non energy-intensive leisure 

Paid work All types of jobs, looking for work - Work & study 
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A.2 Histogram of the average work time per day (WT). 
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A.3 Results of the Kolmogorov-Smirnov (K-S) and Wilcoxon rank sum tests 

 Variable N 
Mean of 
missing 

observations 

Mean of all 
data 

p-value 
(K-S test) 

p-value 
(Wilcoxon 

test) 

F
in

la
n

d
 

Household size 312 3.154 2.954 0.323 0.009 
Age 312 45.051 43.419 0.109 0.042 
Gender 312 1.513 1.541 0.977 0.339 
Education 312 1.670 1.646 0.647 0.083 
Income group 312 2.196 2.182 0.937 0.621 
Employment 
status 

312 
1.144 1.105 0.774 0.033 

F
ra

n
ce

 

Household size 1485 2.908 2.797 0.137 0.004 
Age 1485 42.993 42.363 0.003 0.090 
Gender 1485 1.576 1.524 0.001 0.000 
Education 1485 41.642 40.004 0.000 0.000 
Income group 1485 2.313 2.238 0.004 0.000 
Employment 
status 

1485 
1.343 1.188 0.000 0.000 

Note: A p-value > 0.1 for the K-S test means that one cannot reject the hypothesis that the two samples 

come from the same distribution. For the Wilcox rank sum test (equivalent to Mann-Whitney test) a 

p-value < 0.1 means that one cannot reject the hypothesis that one of the distributions generally has 

larger values. N: number of missing observations tested. 
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A.4.a Regression results for M1 (𝒀𝒊,𝒋,𝒅 equals absolute activity duration, in minutes), Finland 



22 
 

 

A.4.b Regression results for M1 (𝒀𝒊,𝒋,𝒅 equals absolute activity duration, in minutes), France 
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A.5.a Regression results for M2 (𝒀𝒊,𝒋,𝒅 equals relative activity duration, in percent), Finland 
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A.5.b Regression results for M2 (𝒀𝒊,𝒋,𝒅 equals elative activity duration, in percent), France
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A.6 Activities and their energy use 

A.6.a Energy use intensities of different activities for France and Finland 

Activities Finland kWh/h Activities France kWh/h 

Free time trips 35.69 Housework: meals 7.21 

Trips to work and study 32.64 Sport and outings 5.73 

Eating 15.04 Personal time 5.65 

Shopping, Services, Public 

administration and related 12.27 Shopping and administration 5.09 

Phone conversations 10.26 Housework: clothes 3.28 

Personal hygiene and dressing 7.66 Housework: home 1.51 

Housework 5.61 Work and study 1.47 

Maintenance, gardening, pets 5.23 Leisure (energy-int.) 1.39 

Culture events 4.59 Eating at home 0.92 

Reading 1.41 Leisure (non-energy-int.) 0.91 

Hobbies 1.35 Eating out 0.80 

Studying 1.02 Care (for others) 0.79 

Television 0.94 Sleep 0.77 

Sports and recreation 0.82  

Note: Energy use for France corresponds to direct energy, numbers for Finland include direct and 

indirect (embodied) energy use. Source: Jalas & Juntunen (2015) and de Lauretis et al. (2017). 

 

A.6.b Sources of energy use by activity 

 

Note: Care work is not included for Finland, as no energy use values were available. Mobility is treated 
as an ancillary activity in France and already allocated to all out of home activities. 
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