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Abstract
Labor income earned in Iceland in 1987 was not taxed. I use this to study labor supply responses to temporary wage changes. I construct a new population-wide dataset of earnings and
working time from digitized payslips and use two identification strategies to estimate intensive
and extensive margin Frisch elasticities of 0.37 and 0.07, respectively. These average responses
are driven by those with the ability to adjust in response: extensive margin responses are driven
by young and close-to-retirement cohorts and intensive margin responses are driven by workers
in temporally flexible and hourly paid jobs, though take-up of secondary jobs contributes to onetenth of the overall response. Finally, I find that married women with children respond more than
husbands, who themselves respond negatively to wives’ tax cuts, consistent with substitutability
in non-market time. Overall, the results suggest that adjustment frictions and household interdependencies reduce aggregate labor supply responses to tax cuts.
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Introduction

One of the longest-standing questions in economics asks how people adjust their labor supply in response to temporary changes in pay. This response is summarized by the intertemporal elasticity of
substitution of labor supply, or the Frisch elasticity. Knowing this elasticity is crucial to understanding
how aggregate shocks and economic policies affect output and welfare in the economy. For example, the size of the Frisch elasticity is important for evaluating the consequences of pension reforms
(e.g. Imrohoroğlu and Kitao, 2012), for determining optimal taxes on capital and labor income (e.g.
Conesa, Kitao, and Krueger, 2009; Heathcote, Storesletten, and Violante, 2017; Stantcheva, 2017), and
it is a crucial parameter in the research on cyclical movements in employment and wages (Lucas and
Rapping, 1969).
Macroeconomic models with labor market clearing require a large Frisch elasticity to rationalize
large business-cycle movements in employment with only modest movements in wages. But existing microeconometric estimates are often small and statistically insignificant.1 A wide range of views
arise from the fact that estimating the Frisch elasticity is notoriously difficult. Causal estimation requires an exogenous temporary change in the after-tax wage with limited income effects. Exogenous
wage changes are hard to find, let alone those that are transitory.
In part, disagreement on the Frisch elasticity reflects differential views on adjustment frictions.
Frictions are less likely to attenuate short-run responses to large changes (Chetty, 2012) and inattentive individuals are more likely to respond to changes that are salient and simple (Chetty, Looney,
and Kroft, 2009). These features cloud how much we can learn about labor supply by studying tax
reforms, unless they are sufficiently large and salient.
To tackle these difficulties, I exploit a tax-reform in Iceland resulting in a year free of labor income
taxes. In 1986, the Icelandic government announced a tax reform, replacing a system where this
year’s taxes were based on last year’s income by a pay-as-you-earn withholding-based system. To
ensure that during the transition year of 1987, workers would not have to pay taxes simultaneously
on their 1986 and 1987 earnings, no taxes were collected on 1987 labor incomes. As illustrated in
Figure 1, the income earned in 1987 was tax-free. This tax-free year created a strong incentive for
intertemporal substitution of work, but a minimal income effect. First, there was no windfall gain
for taxpayers, as those earning the same in 1987 as in 1986 did not see a change in their cash-flow.
Second, the reform did only imply a small change in life-time income. Therefore, the tax-free year
offers a rare natural experiment suitable to estimate the Frisch elasticity.
To exploit this experiment, I built a new population-wide dataset. I constructed new data on
the universe of workers and firms from payslips found at Statistics Iceland, which I converted into
a machine-readable data set. Information on all pay and all working time in all jobs makes this an
ideal data set to study labor supply. Combining this with individual data from tax returns, I obtained
a new employer-employee panel data set for the entire workforce from 1981 until today. These rich
data enable me to uncover the details of labor-supply adjustment along multiple dimensions.
I use two complementary quasi-experimental research designs to identify labor supply elasticities
1
For a recent survey of the microeconometric literature, see, e.g., Keane (2011). Keane and Rogerson (2015) provide a
recent discussion of the micro-macro controversy.
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Figure 1: Income tax system before and after the tax reform
along the intensive margin (i.e. working hours among those working) and the extensive margin
(i.e. labor force participation and employment arrangement). Figure 2 schematically describes my
empirical approach.
First, the tax-bracket difference-in-differences (DD) design exploits cross-sectional variation in the
size of tax-cuts arising from progressivity of the tax schedule, building on the seminal idea in Feldstein (1995). More precisely, while all workers were given a tax-free year in 1987, workers in a
high tax bracket prior to the reform, receiving a large increase in after-tax wages, are expected to
respond more strongly than those in a lower tax-bracket. I use this difference across groups in a
difference-in-differences design. Relating the dose-responses to differences in intensities of marginal
tax-rate changes enables me to identify labor supply elasticities. A key advantage of this design is
to difference out aggregate trends in employment and macro shocks around this time. My detailed
population-wide data and methodological approach distinguish my study from the previous work
of Bianchi, Gudmundsson, and Zoega (2001) who study a small random sample of workers and compare their outcomes in the tax-free year to those in the year before and after.
Large and salient changes in after-tax wages, such as those resulting from the tax-free year, are
likely to deliver responses closer to those in a frictionless labor market. However, frictions are still
likely to shape the margins of labor adjustment and heterogeneity in responses. In particular, adjustment costs and indivisibilities may lead to large extensive margin elasticities. As the tax-bracket
DD design exploits the variation in tax rates across groups of workers that are employed prior to the
reform, it cannot, by construction, identify entry responses. This is an important limitation as the taxfree year generates a strong incentive for labor-market entry. Furthermore, analyzing heterogeneity
in responses is also restricted by this design. If we are to paint a complete picture of intertemporal labor supply, studying responses along the relevant margins and dimensions of heterogeneity is
necessary.2
To overcome these issues, I develop a new research design: life-cycle difference-in-differences (DD).
This design builds on two features of my setting. As the tax reform was unanticipated, the timing
of the tax-free year is plausibly exogenous from an individual’s life-cycle perspective. Moreover, as
the labor supply of similar individuals is likely to evolve similarly over their life-cycle, labor supply
2

A candidate explanation for the micro-macro divergence is that macro elasticities incorporate responses along all margins (Rogerson and Wallenius, 2009) while micro elasticities typically reflect restricted samples and specific sources of
identifying variation. As I document in Section 6.2, almost all previous work is limited to the analysis of prime-aged men
or particular occupations, such as bicycle messengers or taxi drivers, for identification and data-limitation reasons.
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Figure 2: Overview of Empirical Methodology
elasticities can be identified by comparing two similar individuals at the same point in their life-cycle,
one of whom receives an unexpected wage shock but the other does not. As an example, the labor
supply elasticity for an individual who was 40 years old in 1987 can be estimated by matching him to
an observationally similar individual with the same characteristics but who was aged 40 in 1986. The
advantage of this method is to be able to identify labor supply responses for the whole population,
including labor market entry.
Using the tax-bracket DD design, I estimate strong responses in both labor earnings and working
time, with an intensive-margin elasticity at 0.37. Decomposing this estimate into different margins, I
find that 30% of the overall response stem from more weeks of full-time work. This includes transitions from part-time to full-time employment, the exchange of vacation for working time and weeks
worked on secondary-jobs. 70% are accounted for by more earnings within full-time weeks, such as
over-time hours, more shifts and more effort induced on the job. I also demonstrate that the higher
earnings reflect labor supply rather than reporting responses. Using the life-cycle DD design, I find
that extensive margin responses are modest on average, with an employment semi-elasticity of 0.07.
However, this modest average response masks an important heterogeneity. Most of the responses
originate among those close to retirement and, in particular, cohorts younger than 25, who are still in
school or out of the labor force for other reasons. Thus, the size of estimated elasticities will depend
on the density of individuals at the tails of the work life-cycle distribution.
A reform as extensive as the tax-free year is likely to generate equilibrium effects. However, it is
not clear ex ante in which direction these effects go. On the one hand, an increase in labor supply
could lead to a reduction in wages if labor demand is not perfectly elastic. This may dampen the
labor supply response to the tax-free year and lower the estimated elasticity. On the other hand,
3

in partial equilibrium, workers receiving large tax cuts may spend less time on leisure but also on
home production, such as home cleaning, cooking and child care. In all likelihood, this generates a
demand for labor input in the sectors providing those goods and services, thus making it possible for
individuals to work more during a tax holiday if they so desire, increasing the estimated elasticity.
The life-cycle DD incorporates all such equilibrium effects, as well as other aggregate effects in the
tax-free year, which are ‘differenced out’ in the tax-bracket DD. Comparing elasticity estimates using
the two methods thus allows me to gauge the magnitude of these aggregate effects. I can do this
by direct comparison or using a method that combines the two designs in a triple-difference. Both
methods give the same difference, namely 0.1 – i.e., about one-fifth of the intensive-margin response.
My estimates of the average Frisch elasticities in the economy are most closely related to two
studies.3 In an important contribution, Bianchi, Gudmundsson, and Zoega (2001) highlight the rare
opportunity offered by the Icelandic tax-free year to study labor supply. Among a small random
sample of workers, they find that people work much more in the tax-free year than in the preceding
and following year. Indeed, in the meta-analysis of Chetty et al. (2013), the Icelandic tax-free year
is one of few informative data points on intertemporal labor supply. What distinguishes my study
from theirs is that I use detailed population-wide data and an empirical approach comprised of two
complementary identification strategies. This enables me to provide a more robust analysis of how
Icelandic workers responded to a temporary incentive to work, as well as leading to some new insights into the anatomy of labor supply responses. In a study contemporaneous to mine, Martinez,
Saez, and Siegenthaler (2018) study labor supply responses to a tax reform in Switzerland, leading to
a two-year tax holiday. My results contrast theirs, which imply a modest response on average to this
strong work incentive. I discuss this further in Section 6.2 and I argue that differences in labor-market
flexibility constitute the most plausible explanation for the differences in labor supply elasticities of
the average Icelandic and Swiss worker. The Icelandic labor market is more flexible and less regulated
than labor markets on mainland Europe, closer to what is found in the US. I find that within Iceland,
there are substantial differences in labor supply responses depending on workers’ flexibility in work
arrangements. Similarly, Martinez, Saez, and Siegenthaler (2018) report a relatively large elasticity
for the self-employed subpopulation, a group which likely has more flexibility in labor adjustment
than the average worker. Similar differences are likely to be found across countries as well.
The combination of a rare setting offered by the tax-free year and rich data enables me to go beyond estimating average labor-supply elasticities and trace out the mechanisms that drive the strong
labor supply responses I find. My analysis is guided by a combination of machine-learning methods
and causal estimation. More precisely, after obtaining estimates of labor supply elasticities at the individual level using the life-cycle DD method, I use the random forest algorithm (Breiman, 2001) to
highlight the most important features shaping differences in labor supply responses. Using those features as a guide, my analysis yields three main results that provide information to ongoing debates
in labor economics.
First, I find that individuals with low labor-market attachments – including the young cohorts and
workers close to retirement – that work less than full time prior to the reform, are very responsive.
3

In Section 6.2 I provide a more detailed summary and a meta-analysis of previous work.
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In particular, the youngest cohorts, of which many were part-time employed, respond very strongly
with elasticities as high as 2.
Second, I find that flexibility of jobs is key in shaping the labor-supply responses. My results
demonstrate that the responses are strongest among workers in jobs with a more temporal flexibility
– i.e. those with an a priori high ability to adjust their hours – and those with labor market contracts
that build in compensation for marginal hours worked. These workers are less likely to be bound by
hours constraints and have a greater ability to get compensated for additional hours in their primary
jobs. The largest responses are therefore concentrated among exactly those groups that would be
predicted by theory. However, prior evidence on how frictions influence intertemporal labor-supply
responses is very limited.
While hours may be rigid within jobs, they may become flexible by workers holding multiple
jobs. I find that workers indeed overcome hours constraints in their primary jobs by working at a
secondary job. In addition, I find a reduced probability of primary-job change in the tax-free year,
consistent with workers being less willing to engage in a time-consuming job search. When I decompose the overall responses, I find that one third of the increase in weeks worked and one tenth of the
total increase in labor earnings are created by work on secondary jobs, while the remainder results
from more work on continuing primary jobs. While taking a secondary job may be an important
avenue for the labor supply adjustment of many workers, existing evidence on multiple-job holding
and the macroeconomic importance of this margin remains very scarce. These results are important
when viewed in the light of resent changes in the structure of labor markets. As a growing proportion of the workforce holds jobs in the “gig economy” – working through contracting and temporary
arrangements – often alongside their primary jobs (Katz and Krueger, 2016; Hall and Krueger, 2018),
labor supply elasticities accounting only for primary employment will become inaccurate descriptions of employment responses.4
Third, I estimate how family structure shapes labor supply responses. Married women have
higher elasticities than married men, in part reflecting part-time and non-employment of mothers.
However, single men and single women have similar elasticities. An extensive literature has studied gender differences in labor supply elasticities (see e.g. McClelland and Mok, 2012; Blundell and
MaCurdy, 1999, for review). This result highlights that the gender differences in labor supply found
in previous work may not reflect inherent differences, but rather reflect family ties and specialization in the household.5 I estimate cross-elasticities for married couples and find negative crosselasticities for husbands but no significant cross-responses for wives. This result is inconsistent with
models of unitary household labor supply, which have the strong prediction that cross-elasticities of
spouses should be symmetric (Chiappori and Mazzocco, 2017).6 Accounting for both own and cross4

Recent studies have found that workers take up secondary-jobs, such as ride-hailing for Uber, because of the flexibility
they provide (Hall and Krueger, 2018) and in order to mitigate frictions and volatility in income on primary jobs (Farrell
and Greig, 2016; Koustas, 2018). In addition, Angrist, Caldwell, and Hall (2017) estimate a large labor supply elasticity
among Uber drivers, indicating that labor supply may be very elastic in secondary-jobs.
5
Blau and Kahn (2007) and Heim (2007) document that the labor supply elasticities of married women have shown a
decreasing trend in recent decades with rising participation rates.
6
This finding complements a large empirical literature testing the restrictions imposed by unitary household models.
For reviews see, e.g., Donni and Chiappori (2011) and Chiappori and Mazzocco (2017).
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responses, my results imply that total household responses are about 20% smaller than if spouses
would have been treated in isolation. Taken together, these results indicate coordinated labor supply
responses within the household and substitutability in the non-market time of husbands and wives.
The paper proceeds as follows. Section 2 describes the empirical setting and the reform that gave
rise to the tax-free year and Section 3 describes the data set I have constructed. Sections 4 and 5
explain the tax-bracket and life-cycle DD designs, respectively, and present estimates of labor supply elasticities obtained from these two designs. Section 6 discusses my estimates of average Frisch
elasticities and puts them in the context of the findings in previous work. Section 7 studies the mechanisms behind the strong labor supply responses, highlighting the importance of heterogeneous adjustment frictions. Section 8 concludes the paper. Some additional background material and auxiliary
analyses are relegated to an Online Appendix.

2

The Tax-Free Year and Background

2.1

Income Tax System and Tax Reform

On January 1, 1988, Iceland took up a withholding-based pay-as-you-earn income tax system, similar
to what is now in place in most advanced economies. Prior to the reform, income taxes were collected
with a one-year lag. The tax liability and tax payments due every month in year t were computed
based on year t ´ 1 income. This system resembled those in place in most developed countries prior
to adopting a modern pay-as-you-earn tax system. When announcing the tax reform, the authorities
also announced that labor income earned in 1987 would not be taxed. As Figure 1 depicts, this implies
that while people were paying taxes every year, including in 1987 when they paid taxes based on their
income earned in 1986, they would take home tax-free whatever they earned more in 1987 than in
1986.
The key features of the reform for the purpose of my analysis are that it generated a large, salient
and unanticipated increase in wages that lasted only a single year. On December 6, 1986, the Finance
Minister announced the tax reform. The Ministry of Finance began preparing the reform in the early
fall of 1986 and later in the fall, the decision was made for it to take place in January 1988. The reform
was therefore unanticipated by the taxpayers. Figure 4 plots the monthly count of the number of
newspapers mentioning a withholding-based or pay-as-you-earn tax system between January 1980
and December 1988. As the figure documents, there was no discussion of a reform of this kind in the
years before its announcement, whereas 30-40% of the newspapers printed in the weeks following
the announcement had coverage of the reform.
The reform was very salient. Newspapers printed headlines such as “A Tax-Free Year” and “Payas-you-earn tax system in 1988 – all income in 1987 tax-free”. In addition, the tax authorities sent out advertisements and explanatory flyers, as exampled in Figures A.11 and A.12 in the Online Appendix.
These also advertised that a prerequisite for tax freedom was that taxes were filed for 1987 as usual.
This was important as other taxes, such as those on capital income and wealth, and benefits were
unchanged in 1987. From the perspective of my study, the quality of administrative data in 1987,
such as tax returns, was not influenced by the reform.
6

The tax-free year generated a strong incentive for intertemporal substitution. The average tax rate
fell to zero from about 10 percent, increasing the incentive for employment (extensive-margin). On
the intensive margin, the changes in incentives were even stronger, as the after-tax wage increased
by about 20 percent on average. While the whole population received an increase in wages, some
workers received a larger cut than others due to the progressivity of the tax system. It is by harnessing
these differences that I identify the intensive-margin labor supply elasticity. Furthermore, the tax-free
year did not create an income effect for individuals that are myopic in their decision making. There
was no windfall gain for taxpayers, as those earning the same in 1987 as they earned in 1986 did
not see a change in their cash-flow.7 In addition, taxes were only cut temporally for a single year,
allowing me to study labor supply responses during that year. A one year change in incentives is the
relevant frequency for a business cycle analysis of employment fluctuations. As a result of all these
features, the tax-free year comes close to being the ideal natural experiment to study intertemporal
substitution of labor supply and estimate Frisch elasticities.
The only change to the tax system made in 1987 was that income taxes were temporarily set to
zero. However, the reform was accompanied by a simplification of the tax system that was put in
place after the tax-free year. These changes were being worked out during the first months of 1987
as part of adapting the old tax system to tax withholding. The simplifications consisted of two main
changes. First, the reform abolished a large share of deductions that could be made to taxable income
before arriving at the tax base. Second, the progressive tax schedule was replaced with a flat tax. To
summarize, the reform changed both the tax base and the tax rate, where the aim was to simplify the
tax system but leave the average tax burden unchanged.
I argue that these changes are unlikely to influence people’s responses to the tax-free year and my
estimates of Frisch elasticities. The effects on later taxes were not as obvious and clear-cut as the tax
free year. Understanding the effect on tax payments would involve understanding the interaction of
tax deductions, tax allowances and tax rates which influenced the tax burden in opposing directions.
Relatedly, these changes were much less salient than the tax-free year. Figure 4 shows that a change
to a flat tax received limited media attention. Moreover, flyers and explanatory material from the tax
authorities emphasized the fact that income in 1987 was tax-free and the changes in the structure of
tax collection in 1988, but contained no information about changes in the tax schedule after 1987. As
discussed in Section 4 and detailed in Online Appendix E, I perform a series of tests to evaluate this
claim, finding my results to be robust to these concerns.
Details of the tax system pre and post the tax-free year are found in Online Appendix A and a
discussion of the reform and the time-line of events in Online Appendix B.

2.2

Icelandic Labor Market in International Context

The Icelandic labor market is quite flexible, characterized by low unemployment, flexible hours, and
variable participation and wages (OECD, 1991, 2007).8 In this sense, its characteristics are more sim7

Similarly, the reform did not influence the government’s budget, as the tax revenue flows were uninterrupted.
For an overview of the Icelandic economy, including characteristics of the labor market, see e.g. various previous issues
of Economy of Iceland.
8
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ilar to the US than to mainland Europe. The flexibility of the labor market has long played a key role
in the rapid adjustment to macroeconomic shocks.9
Labor force participation in Iceland is high, exceeding 80 percent of the working-age population.
The overall participation grew steadily until the mid 1980s, primarily due to the increased participation of women, who by the beginning of the 1990s accounted for close to half of the labor force,
although a smaller share of total hours. Relative to the OECD countries, female participation is
among the highest, as well as the participation rates among the young and the elderly.
In comparison with the other OECD countries, Icelandic firms have a considerable flexibility to
lay off workers. Firms can easily adjust their level of labor input over the business cycle, either by
hiring and firing of workers or by adjusting the number of hours of current employees. Changes in
hours per worker account for about half of the variation in employment over the business cycle.
The labor market is highly unionized. Collective bargaining between the umbrella unions on both
sides of the market negotiates general employee rights and minimum wages. However, this sets the
base for wage bargaining at lower levels, such as in sectors and firms, where the flexibility to account
for local conditions is greater. Therefore, in spite of this centralization, real wages are very flexible in
Iceland as compared to other OECD countries (Central Bank of Iceland, 2018).

3

Data

For the purpose of this project, I construct a new administrative data set on the universe of the
Icelandic working age population back to 1981. The data set has two main sources: an employeremployee data set constructed from newly digitized payslips, and individual tax records. In addition
to these main sources, I draw on additional data, including Statistics Iceland’s Education Register and
the Population Register from the National Registry. Below I describe the two main data sets in detail.

3.1

Payslips: Employer-Employee Data

At the end of each year, all employers are obligated to compile a payslip for each employee in their
establishment, or for every job if the employee holds more than one job at the establishment. This
applies to all firms and establishments, including self-employed workers. Employers send copies of
payslips both to the respective employee and to the Directorate of Internal Revenue. Information
from payslips is then used as inputs for many purposes, such as for individuals’ income taxation, the
computation of accident insurance, and the computation of firms’ payroll taxes.
Since the early 1990s, an increasing number of employers compile and send payslips to the Directorate of Internal Revenue in a machine-readable format, and currently almost all payslips are
received electronically. Before that time, in the 1980s and in the early 1990s, all payslips were compiled in paper format. The records were then stored in various forms, including on magnetic tape
cartridges and mainframe tapes. In collaboration with Statistics Iceland, I have converted all payslips
9

As an example of this emphasis, the Director of the European Department of the International Monetary Fund (IMF),
Thomsen (2018) notes in a recent speech that “While I was not familiar with Iceland’s economic history before coming here, we
soon realized that Iceland had a history of quickly adjusting to shocks, not least because of labor market flexibility.”
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back to 1981 into data in a machine-readable form. The resulting product is a panel data set covering
the universe of jobs in Iceland, connecting all employers and their employees, for each year from
1981 to 2015.
Payslips contain information on all labor earnings and related compensation. This includes wage
payments, contractor payments, piecework pay in fishing, pension payments, bonuses and commission, remuneration to a company’s board members and accountants, travel allowances and other
allowances (car, clothes, food, etc). Each of these components is reported separately on each payslip
for a given job. In addition, and importantly for the current project on labor supply, the payslips
also contain information about working time in each job. Time is measured in weeks worked, with
the reference week amounting to 40 working hours. Employers are obligated to report the number
of weeks an employee worked on a given job based on his actual working time during the year and
employment arrangement, such as part-time employment. The same is true for self-employed workers that must report working time in the same way for themselves as well as for their spouses and
children that may work for them. A worker can at most be recorded working 52 weeks on a given
job during the year. However, workers can have more than one job and therefore be registered as
working more than 52 weeks. For example, a full-time employee holding a single job and working at
least 40 hours per week is recorded as working 52 weeks. Another worker that holds two part-time
jobs on which he works a parallel 20 hours per week is recorded as working 26 weeks on each job
(reported separately) and 52 weeks in total.
The reason why employers (and self-employed workers) were required to report the working time
of their employees was twofold. First, the calculation of worker’s accident insurance fees was based
on the number of weeks an employee worked during the year. This insurance covered accidents,
leading to a worker’s injury or death, that occurred on the job or on the way to or from work. The
insurance fee, which was updated every year on January 1 and paid by the employer, varied from
job to job and differed by occupation and the risk of injury and accidents in a given job.10 Second, the
payroll tax levied on firms to fund the public unemployment insurance system was based on the total
number of weeks worked by all workers in the given firm in each year. In contrast to the insurance
fee, this tax was independent of occupation and sector.11 Therefore, the number of weeks registered
for each worker on his payslip is to reflect the number of weeks worked during the year rather than
the number of weeks employed. In addition, these are the only universal data on employment and
labor input by sectors and occupations based on which official statistics are constructed, which put
pressure on correct filing.
Each payslip includes a unique personal identifier of the worker and a unique identifier of firms.
In addition to the detailed information on payments and working time, payslips include demographic information about workers, including occupation according to a two-digit classification based
on the International Standard Classification of Occupations (ISCO), and the firm, including the firm’s
sector according the International Standard Industrial Classification of All Economic Activities (ISIC).
10
As an example, in 1987 the insurance payment for a blue-collar factory worker per week worked amounted to about
0.14% of his average monthly earnings which was more than threefold the weekly fee for office clerks.
11
In 1987, this tax per week worked equalled 0.31% of the average weekly earnings of blue-collar workers.
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3.2

Individual Tax Returns

The second primary data source I use in this paper is a panel of individual tax returns. Like the data
set I have constructed from payslips, these data extend back to 1981. The data sets are easily linked via
a unique personal identifier. Individual tax returns have information on all income, including labor
income, financial income, pension, social security and transfer payments as well as other sources
of income. These data also record all tax payments, both at the national and local level, as well as
deduction and tax allowances. I use this detailed data to construct marginal tax rates.12 Because a
wealth tax was levied in Iceland during most of my sample period, and in periods when a wealth
tax has not been levied, the structure of tax returns has not been altered and the data set includes
detailed information on all assets and liabilities back to 1981. In addition, the tax records include a
range of demographic variables, as well as family identifiers linking married or cohabiting couples.
Further information about the data sets and summary statistics are provided in Online Appendix C.

4

Tax-Bracket Difference-in-Differences

In this section I estimate labor supply responses using a difference-in-differences research design
which exploits the intensity at which workers’ after-tax wages were influenced by the tax-free year
and the dose-response in labor supply.

4.1

Research Design

In general, to identify the causal effect of the tax-free year on labor supply, a proper counterfactual is
needed for what would have happened in its absence. Alternatively, if the population is treated with
different ‘doses’ of tax cuts, causal effects can be identified from the differential treatment intensity,
provided that they generate differential responses. In the current context, while the whole Icelandic
population was given a tax-free year in 1987, non-linearities in the pre-reform tax schedule generated
substantial differences in the changes of after-tax wages. Therefore, this setting naturally lends itself
to a difference-in-differences research design. My strategy follows a strand of literature dating back
to the seminal paper of Feldstein (1995), exploiting a cross-sectional variation generated by the 1986
tax reform in the US.13
The tax schedule prior to the reform was progressive with four brackets, consisting of three national level brackets and a local-level municipal tax. Taxable income, from both labor and capital,
was taxed in the same way at the national and municipal levels. As detailed in Section 2, all taxes on
labor income were set to zero in 1987.
Figure 5a plots the evolution of tax rates by tax brackets from 1981 to 1990. In 1986, the average
worker in the bottom tax bracket faced a marginal tax rate of 10.2%, corresponding to the average mu12

Since marginal tax rates are not directly observed in individuals’ tax returns, I have built a tax calculator for the
Icelandic tax system to construct marginal tax rates. This method predicts actual tax liabilities with great precision. See
Online Appendix C.1 for details.
13
For a summary and discussion of the empirical literature on labor supply and taxable income elasticities see, e.g., Saez,
Slemrod, and Giertz (2012).
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nicipal tax rate, while the average tax payer in the top bracket faced a marginal tax of roughly 48.7%.14
As documented in the figure, while tax rates had been on a slightly decreasing trend throughout the
1980s, the difference across brackets had remained stable. Tax rates were frequently reviewed in relation to the government’s budget and tax-bracket thresholds, which were set in nominal values, were
generally reviewed and updated each year to account for changes in prices and wages. As a result,
which I document in Figure 5b, the tax-bracket thresholds corresponded to roughly the same income
percentile throughout the 1980s and therefore the income groups in each bracket were stable and
similar over time.
Assigning treatment status. My empirical strategy to estimate elasticities is to relate the differential
labor supply responses of workers in higher vs. lower tax brackets to their differential tax relief. As
the tax rates faced each year are endogenous to labor income, which is my outcome of interest, I
follow Feldstein (1995) and later work by assigning treatment status based on a lagged tax bracket.
The lagged tax bracket is unrelated to current income. Since income and other factors influencing
the tax-bracket position are persistent, the tax-bracket position is persistent as well, as documented
in Figure A.13 in the Online Appendix. As a result, a lagged tax bracket serves as a valid and strong
instrument for the current tax bracket. In my main analysis, the treatment group consists of workers
that faced marginal taxes in the three top brackets, while workers in the bottom bracket constitute
the main control group. In order to get a larger sample size for inference and detailed later analysis,
I pool together the estimates for the three top tax-brackets, under the assumption that labor supply
elasticity is the same across tax brackets, providing a weighted average elasticity. In addition, I will
estimate disaggregated responses, by tax bracket, as well.
Sample and restrictions. With the aim of analyzing a sample of comparable workers facing different
tax rates, I restrict my sample of the working-age population, age 16-70, in two ways. First, I use a
balanced sample of individuals observed in all years 1981 to 1987. Since everyone aged 16 years and
older is required to file taxes, independent of their labor market status, this excludes workers that
die, emigrate from Iceland or young people that are not observed during the pre-treatment period
and for whom trends in labor supply cannot be assessed. Second, for each of the pre-reform years, I
restrict the sample to workers that were employed in the previous year, defined as having labor earnings greater or equal to a base-income threshold, roughly corresponding to minimum-wage earnings
for a low-skilled worker.15 Thus, I obtain a sample of workers in one of the four brackets that can
be assigned a treatment status in the current year. Restricting the sample in this way corresponds
to restricting the sample to those with earnings above the 20th percentile, including zeros. Since the
unemployment rate was between 1% and 2% throughout the 1980s (Figure A.9 in Online Appendix),
this restriction mainly serves as a means of excluding those entering and exiting the labor market
due to life-cycle patterns, which may generate differential trends across tax brackets depending on
14

In 1986, the municipal tax rate ranged from 5 to 11.5%.
Similar restrictions are frequently imposed in studies of the core labor force, see e.g. Kindlund and Biterman (2002).
The base income threshold equals 1.5ˆ guaranteed income (tekjutrygging), where guaranteed income is a reference amount
used in calculations of various kinds of income support provided by the government and the municipalities, such as for the
elderly and disabled. Using the guaranteed income as a reference point has the advantage compared to, e.g., minimumwage earnings by sectors and occupations, that it is updated each year to account for inflation.
15
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where workers enter and exit. In my analysis, I define employment in the same way when estimating extensive margin responses, i.e. having labor earnings exceeding this threshold. The research
design developed in Section 5 does not rely on a tax-bracket comparison and can be used to study labor supply responses for the whole working-age population, both along the intensive and extensive
margins.
Before proceeding, some unique features of my empirical setting relative to previous work estimating labor supply elasticities using tax reforms are worth highlighting. During the tax-free year,
all tax-brackets were collapsed into a single bracket with a zero marginal (and average) tax rate. Importantly, taxes are zero in 1987 independent of the earnings that year. In most settings, this is not
true, requiring the researcher to construct an instrument for the tax rate in the treatment period (Gruber and Saez, 2002). In addition, as most previous work studies long-term responses to permanent
tax changes, income shocks may move workers between brackets, influencing the after-tax wage and
therefore the empirical estimates. In my study, which is focused on short-term responses within the
tax-free year, concerns about such switches are not relevant.
Estimating equation. The reduced-form labor supply responses to the tax-free year are estimated
using the following differences-in-differences (DD) specification
yit “ bracketi,t´1 `

t

` ⌘ ¨ Bi,t´1 ˆ

t“1987

` X 1it ` µit

(1)

where yit is the outcome of interest of individual i in year t, bracketi,t´1 is an indicator function
for tax brackets in year t ´ 1 (treatment status), and

t

are time fixed effects included to control for

time effects affecting all individuals. The identification of the labor supply response to the tax-free
year is brought by ⌘, the coefficient on the interaction of Bi,t´1 , which is an indicator function for
being in one of the top three tax brackets, interacted with a dummy for the tax-free year of 1987.
The regression controls for individual characteristics, collected in the vector X it , which includes a
full set of dummies for individual characteristics such as age, marital status, number of children,
education, living in the capital area, and, in some cases, occupation and sector of employment. Since
these variables, apart from age, may themselves be influenced by the reform, they are defined in prereform levels. The error term is denoted by µit and captures other determinants of labor supply. The
importance of accounting for serial correlation in outcomes in a DD setting has been emphasized by
Bertrand, Duflo, and Mullainathan (2004). I cluster standard errors at the individual level to allow
for an arbitrary correlation over time in the error term.
In order to obtain an elasticity estimate, I relate differential labor supply responses – i.e. the doseresponse – to the differential increase in the after-tax wage generated by the tax-free year. Intuitively,
in its simplest form, the elasticity estimate corresponds to the Wald estimator, which is the ratio of the
reduced form and first stage, that can be obtained from estimating equation 1. Following this logic, I
employ the following two-stage least squares (2SLS) difference-in-differences specification
yit “ bracketi,t´1 `

t

` " ¨ logp1 ´ ⌧it q ` X 1it ` ⌫it

(2)

where ⌧it is individual i’s marginal tax rate in year t. Instrumenting the log net-of-tax rate logp1 ´ ⌧it q
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with the reduced-form interaction Bi,t´1 ˆ

t“1987 ,

the coefficient " identifies the elasticity (e.g. of

labor supply) to a change in the net-of-tax wage.

4.2

Results

Graphical evidence and validity of identifying assumptions. The key identifying assumption underlying the empirical design is that absent a tax-free year, the labor supply of workers in high and
low tax brackets would have run parallel. As always, the parallel trends assumption cannot be directly tested, as the counterfactual scenario is never observed. However, the plausibility of this assumption can be evaluated by assessing if outcomes follow parallel trends prior to the reform.
Figures A.5, A.6 and A.7 in the Online Appendix illustrate the research design by visually implementing difference-in-differences by plotting the time series of labor earnings, weeks worked and
marginal tax rates for the average individuals in the three top tax-brackets relative to those in the
bottom bracket. In order to provide a comparison that corresponds to the regression analysis, where
I control for individual characteristics that differ across tax brackets, I non-parametrically weight the
group-by-year distributions of the control group to align with that in the treatment group, using the
frequently applied reweighting method of DiNardo, Fortin, and Lemieux (1996). The figures provide
compelling evidence of differential labor supply responses.
In order to provide a formal test of the parallel trends assumption, I estimate a version of the
DD regression (1), where the treatment status is interacted with all time dummies 1982-1988. The
results for both labor earnings and weeks worked are presented in Figure 6. The set of pre-reform
coefficients tests for parallel trends, with each coefficient corresponding to a placebo test for the given
year. The tests indicate no false positives.16 While there is no significant difference in 1988 in terms of
weeks worked, there is a difference for labor earnings. There can be two reasons for this difference.
First, the tax-free year may generate an effect of labor supply that extends beyond 1987. Second, labor
supply in 1988 and onwards is possibly influenced by changes in the tax system taking place in 1988.
As the focus of this paper is to study the short-term effect of a transitory tax-cut, I limit my sample to
1981-1987 with 1987 being the single treatment year. While I comment briefly on responses extending
beyond 1987, the analysis of permanent effects is reserved for further research (in ongoing work).
Regression results. Table 1 presents estimates of the elasticity of earned income, defined as the
sum of labor earnings in all jobs including self-employment. Each column-by-row entry in the table
corresponds to one regression estimate. In Column (1), the regressions control flexibly for individual
characteristics, including dummies for gender, age, education, marital status, number of children
and location. In the top row, I present estimates of the elasticity of labor income, estimated using
equation (2). The elasticity estimate is 0.374 and it is highly statistically significant at the 1% level.
The estimate implies that a 10% increase in the after-tax wage causes labor earnings to increase by
almost 4% on average. Conceptually, the elasticity estimate consists of two components. First, the
16

Figure 6 demonstrates how this identification strategy is useful in dealing with possible effects of macroeconomic
shocks. As documented in Figure A.9 in the Online Appendix, the Icelandic economy was hit by a negative macroeconomic
shock in 1983, related to a resource shock in the fishing sector and a drop in the real exchange rate. As Figure 6 illustrates,
this macroeconomic shock did not differentially affect outcomes across the tax-brackets in a statistically significant way.
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reduced form, presented in the middle row, which is a DD estimate of equation (1) on log labor
income, which is estimated at 0.077. Second, presented in the middle row, the first stage which is
a similar DD estimate where the outcome variable is the log net-of-tax rate, estimated at 0.207. The
elasticity is essentially the ratio of the reduced form to the first stage, but here it is estimated using
2SLS. In Column (2), I evaluate the sensitivity of this estimate to the inclusion of occupation and
sector fixed effects, which results in a slightly lower estimate. This indicates that there are crosssectional differences in elasticities across types of jobs, a heterogeneity which I will explore in detail
in Section 7.
Previous research has highlighted that a DD design can be effectively combined with matching methods to produce a more robust inference (Heckman et al., 1997; Blundell and Dias, 2009).
Matching will generate more comparable treatment and control groups and DD will ‘difference out’
unobserved differences. In order to leverage these benefits, I augment my DD estimation with a nonparametric coarsened exact matching (Iacus, King, and Porro, 2012). More precisely, I first match
individuals coarsely on pre-reform characteristics (age, marital status, number of children and education) and then estimate DD on the matched sample, using the weights obtained from matching.
Since the set of covariates used in the matching procedure is very general, I am able to match 99.96%
of the sample in this way. The results, reported in Column (3) of Table 1, are very similar to the
main specification, implying an elasticity of 0.401. The robustness of the main specification to this
alternative implies that systematic differences in the characteristics of individuals across the different
brackets have limited effects on the estimates.17
Table 2 presents estimates of the effect on weeks worked and is organized in the same way as
Table 1. The variable collects total weeks worked across all jobs held by the individual. The regression
estimates reflect strong responses in weeks worked. The reduced form estimate implies that workers
in the top three tax brackets increased their working time by about 1 week more than those in the
bottom bracket. A treatment effect of 5 additional weeks relative to a pre-reform average of 48.43
weeks implies an elasticity of about 0.10 (4.926/48.43).18
It is important to highlight what these results imply and what to expect. As discussed in Section
3, the working time recorded on the payslips is reported in weeks worked. This reflects time spent
working, not duration of employment, with a standard week corresponding to 40 hours. The caveat
is that weeks are capped at 52 per job. In total, workers can work less than 52 weeks per year, e.g.
if not working all weeks in the year or if part-time and not working 40 hours per week. But they
can work more than 52 weeks if they hold more than one job. Therefore, an additional week reflects
the exchange of vacation for working time, more full-time employment and work on secondary jobs.
However, this measure does not capture overtime and other changes in working time within the
week, exceeding 40 hours.
The earnings elasticity of 0.374 incorporates all margins of labor supply leading to increased earnings, including more weeks worked. My estimates imply that 30% of the overall response are brought
17
Figure A.8 in the Online Appendix investigates where these responses originate in the earnings growth distribution,
documenting that responses reflects more and higher earnings increases but also less earnings decreases
18
As reported in Table A.5 in the Online Appendix, this implied elasticity is similar to one obtained from a specification
in logarithms of weeks worked.
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about by more weeks worked (e.g. less vacation, more full-time employment, secondary-jobs) and
70% by more earnings within those weeks (e.g. over-time hours, more work effort).
Table 3 documents the estimated effect on employment which, as explained above, is defined as
having an income equal to or exceeding an income threshold. I find no significant effect on employment. When interpreting this result, a few features of the research design are important to bear in
mind. First, recall that labor supply responses are identified from differential responses of workers in
different tax brackets. Hence, by construction, the research design is unable to uncover labor-market
entry responses: the sample is restricted to workers that are employed prior to the reform. Second,
while the design is able to uncover the potential effect on labor market exit, for reasons such as delayed retirement, the estimates imply that there are no differential responses along the extensive margin
across tax brackets. However, it is still possible that some workers delayed retirement in response to
the temporary incentive created by the tax-free year, relative to what they would not done in a normal year. I revisit this question in Section 5, where I develop a research design that is able to detect
extensive margin responses both through entry and exit.
Real Labor Supply Responses, not a Reporting Phenomenon. A critical reader will ask the important question: can the estimated earnings elasticity be interpreted as labor supply elasticity? While
it is clear that my finding of an effect on weeks worked stems from more working time, the earnings
effect might reflect – in addition to more jobs, weeks, daytime and overtime hours – some form of
reporting responses or tax avoidance. I conduct a further analysis along several dimensions to shed
light on this question, demonstrating that my findings reflect, at least to a large extent, real labor
supply responses.
First, I estimate responses separately for employed workers and for self-employed and business
owners, defined as having at least one job as self-employed. Self-employed individuals are likely to
have more flexibility in adjusting their labor supply and hence, we might expect to find larger responses for them. However, self-employed workers might also be able to increase their income in the
tax-free year through tax avoidance, e.g. by misreporting capital income as labor income or shifting
income from other years to the tax-free year. Such avoidance is less likely to be possible for employed
workers, as their employers have no direct incentive to collude. Table A.6 in the Online Appendix
reports estimates of the elasticity of labor earnings. For wage earners, the elasticity is almost exactly
the same as for the whole sample, 0.373, while the elasticity is larger for the self-employed (0.484).
However, as documented in Table A.7 in the Online Appendix, there are similar differences in the
elasticity of weeks worked between the two groups. Although some of the differences between these
groups may be due to reporting behavior, these findings rather imply that they reflect differences in
hours flexibility. Such flexibility may be tempting for workers in less flexible jobs. In Table A.10 in
the Online Appendix, I investigate whether there was an increased take up of self-employment in the
tax-free year, finding a significant entry response.19
Second, I study whether my estimates are likely to be explained by income shifting. During the
tax-free year, workers may have negotiated with their employer to adjust their compensation in some
19

The estimated semi-elasticity of self-employment implies that a 10% increase in the after-tax wage increases selfemployment by 1 percentage point, relative to an average of 14.9 percent.
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way or to front-load some payments. While such behavior is likely to be more difficult and costly
to achieve through wages and salaries, e.g. due to payroll taxes, other forms of payments may have
been used. To investigate this possibility, I estimate equation (2) separately for each sub-payment on
the payslip (in real $ values) and report the effect relative to the total. The results are reported in
Table A.8 in the Online Appendix. Overall, the results do not show an unexpected pattern. Increases
in wages and salaries make up 94% of the increase in payments and most of the remainder consists
of payments such as fringe benefits, and travel allowances, which are likely linked to more work.
Potential suspects, such as sales commission and bonuses, as well as gifts, make up only 0.8%. Taken
together, this implies that my results are not explained by income shifting through discretionary
payments.20
Third, I estimate the effect on capital income. While labor and capital income were taxed according to the same tax schedule both pre and post reform, labor income was tax-free in 1987, and capital
income was taxed as before. Although it does not provide a pure placebo test, estimating the effect
on capital income allows for investigating potential misreporting and tax avoidance. The reporting
behavior would manifest itself in a negative effect on capital income, as taxpayers report more of
their capital income as labor earnings in the tax-free year. A negative effect on capital income would
therefore indicate that at least part of the estimated earnings elasticity is masking reporting behavior.
However, we might not expect a zero effect on capital income. As a large part of capital income,
such as business income and dividends, is an implicit function of labor supply in the economy, there
may be equilibrium effects on capital income resulting from an increased labor supply. Table A.9 in
the Online Appendix reports the estimates, documenting a small positive effect on capital income,
which is only 2 percent of the treatment effect on labor income. This contradicts the hypothesis of
misreporting.
Lastly, there is other, more circumstantial, evidence implying that the Icelandic population was
working very hard during the tax-free year. When there is a strong temporary incentive to work,
individuals have the incentive to avoid or postpone other activities that take time from working.
While a natural example is leisure activity, workers might also be more reluctant to stay at home
when they themselves or their family are ill. Figure A.15 documents that workers in Iceland took less
sick leave in 1987. The average share of hours on sickness leave of total paid hours was 2.4% both in
the years prior to and after 1987, but fell to 1.6% during 1987.21
Robustness. In addition to what is described above, I perform further analyses to assess the robustness of my results. First, I evaluate the robustness of my strategy of assigning treatment status based
on last year’s bracket. While individuals’ tax-brackets positions tend to be persistent (Figure A.13),
tax brackets correspond to same income quantiles over time (Figure 5b), and analysis of pre-reform
years finds no evidence of false positives (Figure 6), a potential bias might arise due temporary mean
20

These results are consistent with evidence from other Nordic countries, indicating a limited tax avoidance in labor
earnings because of third-party reporting by firms (Kleven et al., 2011).
21
In Figure A.15 I also document that fewer people were receiving sickness benefits in 1987 than in the years before. To
the extent that this evidence indicates that workers were working themselves very hard in 1987, it rhymes with a recent
study by Ólafsdóttir et al. (2016), which finds an increased likelihood of a heart attack among middle-aged and old men in
1987 and 1988, in particular in the group of self-employed.
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reverting income shocks. For example, some people that are in a high tax bracket in the previous
year are there because of an income shock that reverts to the mean in the current year, generating a
downward bias in the earnings elasticity. I evaluate the validity of this concern in Online Appendix
D, performing exercises where I use further lags of the tax-bracket position, as well as a richer set of
information, to predict the current tax bracket. This ensures more stable tax-bracket positions over
time. The results are very similar to my main specifications, indicating a limited bias due to mean
reverting income shocks.
Second, I study the differences in responses across tax brackets and evaluate the robustness of the
choice of control group. In the above, I pool together the estimates for the three top tax-brackets in
a weighted average elasticity. In addition, the difference-in-differences estimates assume that elasticities are homogeneous across tax brackets. If that assumption is violated, elasticity estimates will
be biased. For example, if the elasticity for workers in the top bracket is lower than that for those
in a bottom bracket, the elasticity estimate will be biased downwards relative to the true underlying
elasticity. Tables A.15 and A.16 in the Online Appendix present estimated effects on earnings and
weeks worked separately by tax brackets. The results imply that labor supply elasticities are largest
for the lower-middle bracket (0.484) but the smallest for the top bracket (0.236).22 While the relative
earnings response (the reduced form) increases with higher tax brackets, it does so less than the difference in the tax cuts (the first stage), resulting in smaller elasticities. One natural explanation for
smaller elasticities in the higher brackets is more frictional adjustment of working time, although this
may also reflect differences in preferences. To the extent that these results imply less elastic labor
supply of workers in higher than lower tax brackets, this indicates that my main estimates may be
downward biased.23
While the tax-free year generated a temporary incentive in 1987, its effect may have been more
persistent, particularly in the light of the strong responses I document. In addition, the tax system saw
several permanent changes in 1988, which themselves may have generated effects on labor supply. In
Online Appendix E, I discuss whether and how the permanent reform in 1988 may affect my Frisch
elasticity estimates and perform a range of tests to evaluate the robustness of my results, which
all broadly support my main results reported above. I argue that the 1988 changes, which were
announced in the spring of 1987, were neither as simple nor as salient as the tax-free year. While
the progressive tax schedule was replaced with a flat tax rate, substantial changes in tax deductions
influenced the tax base at the same time. Judging from media coverage (Figure 4) these changes,
such as the introduction of the flat tax, seem to have been much less salient than a tax-free year, which
caught much attention.
22

In the Online Appendix I also present results from other robustness tests. In one set of exercises I estimate elasticities
for the top- and upper-middle tax brackets, employing the lower-middle bracket as a control group. As documented in
Table A.17, this results in elasticity estimates between 0.232 and 0.289, similar to the bracket average in Table A.15. Studying
the elasticity of weeks worked, as reported in Table A.18, yields a similar conclusion. I have also explored the sensitivity of
my main estimates of earnings responses that are in natural logarithms. Estimating earnings elasticities using an inverse
hyperbolic sine transformation of earnings instead of logs, or logplabor earnings ` 1q, gives broadly similar results.
23
Importantly, estimates using the identification strategy presented in Section 5 do not suffer from this potential bias as
the control group does receive a treatment – i.e. experience a tax-free year – during the sample period.
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5

Life-Cycle Difference-in-Differences

In this section, I develop a new research design to estimate labor supply responses along both the
intensive and extensive margins. I compare people of a certain age to workers of the same age before
the tax-free year, exploiting the fact that the tax-free year was an unanticipated event. This design
complements the tax-bracket DD design and has the comparative advantage of being able to identify
labor supply responses of the whole population along the extensive and intensive margins, including
potential labor market entry.

5.1

Research Design

Intuition and Graphical Illustration. Before drawing up the details of the estimation and presenting
results, I use a stylized graphical example to describe the intuition behind the life-cycle differencein-difference approach. For this purpose, I borrow the model in MaCurdy (1981) and the associated
graphical representation.
Following an example given in MaCurdy (1981), first consider comparing two individuals, A and
B, for which Figure 3 draws their life-cycle wage profiles. As the two individuals are similar in all
aspects, they have the same life-cycle wage profile at all ages, except at age T when B is treated with
an unanticipated wage increase of

that lasts a single period. This causes B’s labor supply at age

T to be higher than that of A by " ˆ

, but lower by a small income effect, where " is the Frisch

and B at age T to the wage difference

.

elasticity.24

In this experiment, " can be estimated by relating the difference in working hours of A

In my empirical setting, there exists no comparison such as between A and B. However, since
individuals experience the tax-free year at different points over their life-time, my setting allows
for an alternative comparison, enabling me to estimate the labor supply elasticities. To illustrate
that comparison, Figure 3 plots a wage profile for individual C who is identical to B except that he
experiences an unanticipated wage increase associated with a tax-free year when he is one year older,
at age T`1 . As documented by the figure, at age T , individual C is the counterfactual for B, as they
follow the same wage paths. Therefore, the intertemporal elasticity " can be estimated by relating the
wage increase

to the difference in labor supply of B and C at age T , when C has not received the

wage increase. The life-cycle difference-in-difference strategy builds on this idea.
Matching Procedure. The research design leverages two features. First, from the individual’s perspective, at which age she experiences a tax-free year was as good as random. Second, absent a
tax-free year, the labor supply of similar individuals is likely to follow similar paths over their lifecycle. Therefore, for a given worker experiencing a tax-free year, workers in other birth cohorts with
similar characteristics, when observed at the same age, are likely to constitute a good counterfactual.
A key challenge is to pair workers being treated with a tax-free year to an appropriate comparison
24

Online Appendix G discusses the MaCurdy (1981) model and the examples therein. As I illustrate there, a one-period
wage change as depicted in Figure 3 results in a change in B’s life-time labor supply due to an income effect arising from
the fact that the rise in wages increases the income in that year even if the labor supply is unchanged. This is different from
the tax-free year, where the income remains unchanged at the same labor supply as the year before.
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Figure 3: Life-cycle DD research design illustrated using a MaCurdy (1981) Graph
group with a parallel life-cycle labor supply trend, which can be pinned down using difference-indifferences. To this end, I construct a control group by implementing a “Coarsened Exact Matching”
(CEM) procedure (Iacus, King, and Porro, 2012), where each birth cohort is paired with individuals
of the same age and lagged characteristics in other birth cohorts. The general argument for applying
matching in observational studies is to achieve a balance in covariate distributions across treatment
and control group, with the aim of replicating a randomized experiment as closely as possible (Rosenbaum, 2002; Rubin, 2006). As opposed to methods relying on estimating a propensity score, CEM is a
nonparametric procedure to achieve a sample balance ex ante. Therefore, with reference to the design
of randomized experiments, the method enables me to construct “blocks” within which individuals
may be expected to follow similar trends in labor supply, but receiving treatment at a given age is
plausibly random.
For each birth cohort, the control group is selected from the adjacent birth cohort, born one year
earlier. That is, workers at a given age in 1987 are matched to workers at the same age in 1986. I
make this restriction in order to achieve three goals. First, this limits the set of workers to be paired
to those that are most likely to be comparable in their life-cycle patterns of labor supply as well as
other aspects. Second, this allows me to restrict the sample period for both the treatment and control
groups to 1987 and earlier, enabling me to exclude later years where labor supply may be influenced
by the tax-free year itself or changes in the tax code taking place in 1988, thus escaping possible
effects of the reform on the control group. Third, and importantly, the control group within each
birth-cohort pair does not experience a treatment until after the end of the sample period.25 Within
adjacent cohort pairs, I further match on a set of characteristics other than age that may correlate with
trends in labor supply. I limit the set of characteristics to gender, marital status, number of children,
25

This setup allows me to circumvent the problems discussed in Borusyak and Jaravel (2018) related to event-study
designs where the control group eventually becomes treated within the sample period.
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location dummy for living in the capital area, education coarsened into 3 levels (compulsory, junior
college and university), and lagged labor income coarsened into deciles. Given the general set of
characteristics, I have a broad support and am able to match 99.98% of the sample.26 Cases where no
match is found are dropped and in cases of multiple matches, observations are weighted according
to the size of the treatment group.27
The matching procedure provides a sample of treatment and control groups that are comparable
in factors confounded with trends in labor supply behavior. However, my research design does not
impose the assumption that outcomes measuring the labor supply of the comparison groups are at
an equal level. Rather, it assumes that they follow parallel life-cycle trends in labor supply. Therefore,
causal effects are obtained using difference-in-differences. In this way, I leverage the advantages of
matching in generating comparable treatment and control groups and DD to difference out unobserved differences.
Identifying assumptions and graphical example. The primary identifying assumption is that, in
the absence of a tax-free year, the labor supply of similar individuals in adjacent cohorts would have
followed parallel life-cycle paths. In addition, the research design rests on the assumption that labor
supply only deviates from these life-cycle trends in 1987 due to the tax-free year.
Figure 7 provides a graphical example illustrating the research design for a sample of three birth
cohorts, born in 1940, 1939 and 1938. Panel (a) plots the marginal tax rates, illustrating the staggering
of when the birth cohorts experience the tax-free year over their life-time. In panel (b), I plot the
average weeks worked, documenting that these cohorts work on average about 51 weeks in normal
years, but increase their working time to about 53 or 54 weeks in the tax-free year. Panel (c) plots
the evolution of real labor earnings, normalizing the averages to 100 in 1986. The figure documents
similar trends among the three cohorts in the years prior to 1987 but a clear temporary divergence
from that trend in the tax-free year. I make that point clearer in panel (d), which plots the difference in
earnings for each cohort relative to the cohort born one year earlier. This removes the common trend
and illustrates the clear differential change in earnings. The figure lends support to the key identifying assumption underlying my research design, illustrating how adjacent cohorts follow similar
life-cycle trends in labor supply.
A potential threat to identification would be if there were shocks contemporaneous to the tax-free
year that influence the outcome of the treatment group relative to the control group. An example
of such threats would be shocks to labor demand leading to an increased labor input in equilibrium
and a reverse causality. A potential scenario would be that some sectors or occupations were hit by
shocks in the tax-free year which would influence their labor market outcomes and be captured by
my estimates. In general, such a shock would be a cause for concern as the results might be driven by
particular subgroups receiving additional treatment. I evaluate the robustness of my result to these
concerns below. Moreover, and importantly, no other reforms coincided with the tax-free year, such
as changes to social security or taxes on firms. The only change to individuals’ taxes and benefits
26

Due to the “curse of dimensionality”, the nonparametric matching procedure delivers fewer matches the larger the set
of characteristics matched on. As a robustness check, I have also performed matching with more characteristics, including
occupation and sector, arriving at broadly similar results.
27
As a robustness check, I have performed one-to-one matching, which delivers similar results.
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in 1987 was that income taxes were zero. Lastly, I emphasize that while macroeconomic shocks
unrelated to the tax-reform would invalidate the life-cycle DD design, it identifies the market-wide
impact of a change in wages, including equilibrium effects arising from the reform.
Empirical Framework and Estimating Equation. The sample consists of individuals i belonging to
birth cohorts c, where c denotes year of birth. Age is defined as a “ t ´ c, where t is “calendar time”.
I denote the age at which a birth cohort experiences the tax-free year treatment by Ac “ 1987 ´ c.

As emphasized and illustrated in the above examples, the relevant concept of time in this empirical
framework is life-time, i.e. age. In that context, it is useful to refer to age cohorts as the group of
individuals who are being observed at the same points in their life-time.
As described in detail above, workers at age a from cohort c are matched to workers of the same
age a from the adjacent birth cohort c´1. Matched cohort-pairs tc, c´1u, i.e. age cohorts, are denoted
by g. Within each age cohort g, I define “event time” as k “ a ´ Ac , or age relative to age at the event

of treatment. Then, I define the treatment indicator as Dgk “ 1 if a “ Ac , but zero otherwise. All
age cohorts are observed during and prior to the treatment event. Importantly, this implies that the

treatment indicator Dgk uniquely defines the treatment group (c) and the treatment period within
each age cohort, as the control group (c ´ 1) does not experience the treatment until after the end of
the study period.

Using this notation, the difference-in-differences are estimated by:
yik “ ↵ig `

k

` ⌘ ¨ Dgk ` X 1ik ` µik

(3)

where yik measures the outcome of interest for individual i at event time k, ↵ig are match-group fixed
effects, i.e. fixed effects for each cell (or block) within which individuals are matched, which absorbs
the average differences between the treatment and the control group, and

k

are event-time fixed

effects. The vector X ik collects characteristics that we may want to control for, but that are not used in
the matching process, such as occupation and sector fixed effects. The error term, µik , captures other
determinants of labor supply. To address potential concerns regarding serial correlation in outcomes
within groups across periods (Bertrand, Duflo, and Mullainathan, 2004), I cluster standard errors µik
at the match-group level. Estimating equation (3) for the sample of all age cohorts, the differencein-differences coefficient ⌘ gives an estimate of the average treatment effect on labor supply across
the population. In order to obtain an estimate of the (semi-) elasticity of labor supply, I estimate the
following equation:
yik “ ↵ig `

k

` " ¨ logp1 ´ ⌧ik q ` X 1ik ` ⌫ik

(4)

where the logarithm of the net-of-tax rate logp1 ´ ⌧ik q is instrumented by the treatment indicator Dgk .
An estimate of the labor supply elasticity is then created by the coefficient " which, when equation
(3) is estimated for the sample of all age cohorts, is the average across the population.
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5.2

Regression Results

In Table 4, I report estimates of the labor earnings elasticity. The table is organized in the same
way as those in Section 4, where the bottom row reports the first-stage estimates, the middle row
reports the reduced form and the top row reports elasticity estimates. The top row of Column (1)
reports an elasticity estimate of 0.654, which is highly significant at the 1% level. In Column (2) I
include both occupation and sector fixed effects with the aim of absorbing e.g. demand-side shocks
contemporaneous to the tax-free year that might affect the estimates. Now estimates are identified
from the variation within sectors and occupations. As documented by the table, the estimates are
almost identical to those in Column (1) and the estimates are therefore insensitive to these controls.28
In Column (3) I include individual fixed effects, which also produce a similar estimated elasticity as
in the two prior specifications.
When interpreting these estimates and comparing them those presented earlier, it is important
to bear in mind that they do not only incorporate intensive margin responses, as those reported in
Section 4, but also extensive margin responses. Different from the tax-bracket DD design which, by
construction, excluded workers that were out of the labor force or part-time employed, the current
method is able to identify responses for the entire working-age population, measuring the average
aggregate elasticity.
Table 5 reports the effect on weeks worked. The semi-elasticity of weeks worked, documented
in the top row of Column (1), is 3.014 additional weeks. Based on pre-reform averages, this translates into an elasticity of about 0.078 (3/38.37). Controlling for occupation and sector fixed-effects in
Column (2) and individual fixed effects in Column (3) results in similarly sized estimates.
As emphasized above, an important motivation underlying the development of the life-cycle DD
design is its suitability for studying labor supply responses of workers that are marginally-attached
to the labor market and extensive margin responses. Recall that the estimates reported in Section 4
implied a zero differential employment response across tax brackets. Table 6 reports employment
semi-elasticity estimates, where the dependent variable is, as before, an indicator for labor earnings
exceeding the base income level. Since an individual’s decision whether to enter or exit the labor
market is likely based on the total financial incentives of working which, in turn, are influenced by
the dis-incentives generated by the tax burden he expects to bear if employed, the employment semielasticity relates the employment probability to the avergage tax rate that individuals face if working
rather than the tax paid on the marginal dollar earned.29 As documented in the top row of Column
(1), this produces an employment semi-elasticity of 0.068 which is highly statistically significant. That
is, the estimate implies that a 10% decrease in the take-home pay increases the employment rate by
about 0.7 percentage points. In Column (2) I include individual fixed effects, finding a similar effect.
This result highlights that the tax-free year generated a modest but both economically and statistically
significant effect on employment.
28

Occupation and sector fixed effects are defined based on the previous year’s employment and job status. Workers that
do not have an occupation and sector, i.e. who are not employed, are allocated to a residual group. While not reported, the
results are also robust to including occupationˆperiod and sectorˆperiod fixed effects.
29
The average tax rate is the ratio of the income-tax payments and income-tax base. Employment semi-elasticity estimates relate the employment rate to the net-of-average-tax rate.
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Robustness. I have conducted further analyses along several dimensions in order to evaluate the
robustness of the results reported above. I document the main findings below.
Iceland being a small open economy, macroeconomic volatility has traditionally been driven by
external shocks, such as in exports, or shocks in its natural resources, e.g. biological shocks in fish
supply. At the time of the tax reform, the Icelandic economy had been in an upswing where a key
driver of the growing economy was a booming fishing sector. Marine exports had been growing
strongly following a positive terms-of-trade shock, mainly due to higher fish prices in North-America
and other close markets. While on a downward trend throughout the 20th century, fishing and fish
processing constituted about 15% of GDP in the 1980s and this sector employed about the same share
of workers. Therefore, there might be a concern that my results are influenced by some form of export or fishing-sector shock. To evaluate this claim, I perform my analysis on a sample excluding
all workers and firms in the fishing and fish processing sector. Reported in Table A.28 in the Online
Appendix, I find my results to be very robust to this exclusion. I have also carried out my analysis separately for workers employed in the tradable and non-tradable sectors separately, estimating
similar but slightly larger estimates for the latter.
Another concern that the reader might have is whether my estimates are picking up some differential trends or shocks in labor supply (or demand) around the timing of the tax reform, either
in the economy as a whole or for particular cohorts. Naturally, this concern cannot be ruled out
or tested directly. However, as a way of evaluating its plausibility, I conduct placebo tests for the
years leading up to the reform as ‘placebo tax-free years’. More precisely, I first drop 1987 from my
sample and then follow the same procedure as described in Section 5.1, estimating equation (3) for
each cohort. Reassuringly, as documented in Figure A.16 in the Online Appendix, placebo-year coefficients are scattered around zero and are rarely statistically significant, indicating no systematic
patterns or false positives, while the corresponding estimates for the tax-free year are always orders
of magnitudes larger.
Triple-differences. Although the life-cycle DD design allows for identifying labor supply elasticities
from differences between individuals likely to be on parallel life-cycle trends, I cannot rule out the
possibility of aggregate shocks, other than the tax-free year, affecting my estimates. To further evaluate the robustness of the results, I develop a research design that marries the life-cycle DD and the
tax-bracket DD in a triple-difference (DDD) design.30 In this empirical strategy, differences across
adjacent birth cohorts are augmented with within-birth-cohort differences across tax brackets. The
benefit of this design is that, in addition to comparing similar individuals expected to be on similar life-cycle labor supply paths, it differences out all possible common time effects, reducing the
identifying variation to cross-sectional variation only.
Table 7 reports the results for the three main outcomes. The elasticity of earned income is 0.431.31
30

For earlier examples of studies employing triple difference designs, see, e.g., Gruber (1994) and Chetty, Looney, and
Kroft (2009).
31
The estimating equation, which combines equations (3) and (1), is:
yik “ ↵ig `

k

` bracketi,k´1 ` ↵ig ˆ bracketi,k´1 `

D Dgk

`

B Bi,k´1

` ⌘ ¨ Dgk ˆ Bi,k´1 ` X 1ik ` ⌫ik

(5)

The coefficient of interest is ⌘, which identifies the triple-difference. This captures the variation in labor supply specific to
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As expected, this is similar to estimates using the tax-bracket DD but lower than estimates using lifecycle DD, which also incorporates equilibrium effects. The semi-elasticity on weeks worked is about
2.5 weeks. The employment semi-elasticity is close to zero and not statistically significant.

6
6.1

Discussion of Frisch Elasticity Estimates
Summary of Elasticity Estimates

Figure 8 summarizes my estimates of Frisch elasticities across the two adjustment margins using the
two research designs. Employing the tax-bracket DD design, I estimate an elasticity of 0.374. Based
on the structure of the estimation method, and the fact that it identified no effect on employment, I
interpret this estimate as an intensive margin elasticity. Using the life-cycle DD design, I estimated
an average elasticity of 0.654, which captures both intensive and extensive margin responses. The
employment elasticity, measuring extensive margin responses, is 0.068.
Two main factors separate my estimates from the two designs. First, as the tax-bracket DD identifies elasticities from a cross-sectional variation in tax rates, the estimates are restricted to the employed population whereas estimates using the life-cycle DD design also incorporate extensive margin responses. Second, as the life-cycle DD exploits both the time-series and cross-sectional variation,
it will incorporate all macroeconomic effects in the tax-free year, including equilibrium effects. Ex
ante, it is not clear whether equilibrium effects contribute positively or negatively to the elasticity estimate. On the one hand, if labor demand is not perfectly elastic, strong labor supply responses may
lead wages to fall. This would dampen the labor supply response and attenuate the estimated elasticity using the life-cycle DD compared to the tax-bracket DD if these effects are common across tax
brackets. On the other hand, workers receiving large tax cuts may spend less time on leisure but also
on home production, such as home cleaning, cooking and child care. This may generate demand for
labor input in the sectors providing those goods and services, thus facilitating more work for those
that desire to work longer hours during a tax holiday, amplifying the overall labor supply response.
Moreover, if these workers disproportionately fall into lower brackets, elasticities estimated using
the tax-bracket DD will be biased downwards relative to those estimated using the life-cycle DD.
As my administrative data does not include information on hourly wage rates, I cannot directly
estimate the effects of the tax-free year on wages. However, using data on wage rates drawn from
a survey on paid hourly wages collected by the Icelandic Wage Research Committee I can evaluate
whether there appear to be reductions in wage rates in 1987. Figure A.10 in the Online Appendix plots
hourly wage rates by occupations through the 1980s and provides little evidence for a reduction in
wages during the tax-free year.32
the treated birth-cohorts (relative to the control birth-cohorts), for the workers in high-tax brackets (relative to those in low
tax brackets), during the tax-free year (relative to the years before). As before, the elasticity of labor supply is identified
by estimating a version of the equation above that includes the logarithm of the net-of-tax rate logp1 ´ ⌧ik q, which is then
instrumented with the triple-difference interaction term Dgk ˆBi,k´1 . To enhance the comparison between the two research
designs, Table 7 reports estimates based on the same sample as in Section 4. However, estimates for the full sample are
broadly similar.
32
The wage increase that is visible in end of 1986 and beginning of 1987 likely results mostly from national-level collective
wage negotiations that took place during 1986 and new agreements were signed that year.
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In order to arrive at comparable estimates based on the two methods and to get an estimate of
the size of these equilibrium and aggregate effects, I first apply the life-cycle DD method to the same
sample that was used in the tax-bracket DD estimation, yielding an elasticity estimate of 0.529. Next,
I apply the triple-difference method, which gives an elasticity estimate of 0.431, which is very similar
to my baseline tax-bracket DD estimate. The difference between the two estimates is 0.098, or about
one-fifth of the size of the intensive-margin elasticity. Together with the lack of evidence for reduction
in wages, this implies that the tax-free year may have generated positive equilibrium effects through
increased activity and demand for various services. However, since this estimate may also include
macro shocks not related to the tax reform, I am cautious in this interpretation.

6.2

Comparison to Existing Evidence

Is the size of the Frisch elasticity I estimate reasonable? Due to its centrality in economic theory and
for policy evaluation, most work on labor supply focuses on obtaining elasticity estimates. Therefore,
results can be compared across studies. However, as I discuss below, reliable estimates of Frisch
elasticities are few and the evidence is mixed. An alternative approach to evaluating the size of my
estimates is via comparison to estimates of other parameters – such as of Marshallian and Hiscksian
labor supply elasticities – for which empirical evidence is more abundant. I pursue this approach in
Online Appendix F.
To obtain a point of reference, I conduct a meta-analysis of previous estimates in Figure 9.33 Figure 9a summarizes estimates of intensive-margin Frisch elasticities. The figure is organized in three
sections by the samples studied, from left to right: the population (either as a whole or a representative sample), prime-aged men and specific occupational groups. For reference, I also plot (circled in
orange) estimates for the corresponding sample in my study.
Close studies. My paper stands closest to two earlier studies. Bianchi, Gudmundsson, and Zoega
(2001) highlight the rare opportunity that the tax-free year offers to study labor supply. Using a random sample of 9,300 individuals, they compare outcomes in the tax-free year to the year before and
the year after and report strong responses. However, two reasons make it challenging to compare
their estimates to those of others, including mine. First, as the authors document, employment and
output had been on an upward trend in the years prior to the reform. This makes it difficult to separate the responses to the tax-free year from pre-trends and the business cycle. In the current paper, I
take this concern seriously by using difference-in-difference and matching methods to generate comparable treatment and control groups on common trends prior to the reform and then difference out
common trends and unobserved differences. Second, due to limited available data at the time, the
estimates in Bianchi, Gudmundsson, and Zoega (2001) are based on average tax rates in 1986. In order to enhance the comparability, I compute an elasticity of 0.77 using average changes in earnings
reported in their study and my computation of average marginal tax rates in the population.34 This
33

I do not attempt to provide an exhaustive survey, but rather to provide an informative comparison. Extensive surveys
of the literature on labor supply elasticities include Killingsworth (1983), Pencavel (1986), Blundell and MaCurdy (1999),
Meghir and Phillips (2010) and Keane (2011).
34
More specifically, based on information in Table 6 in Bianchi, Gudmundsson, and Zoega (2001), I compute the elasticity
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difference between their elasticity estimate and mine, which is about half its size, is that it does not
separate labor supply responses during the tax-free year from employment and business cycle trends,
equilibrium effects, as well as the effects of changes to the tax system taking place in 1988.
Martinez, Saez, and Siegenthaler (2018) estimate a Frisch elasticity using a tax reform in Switzerland. Switzerland changed the base for income taxation from the previous two years’ income to
pay-as-you-earn. As a result, the reform led to a two-year tax holiday. Using staggering of the reform
across cantons, the authors estimate a small elasticity of 0.05 with a small standard error. In contrast,
my intensive margin estimate of 0.37 is almost an order of magnitude larger. This difference, in particular the small response of Swiss workers, is surprising. Given that the tax holidays in Iceland and
Switzerland both created clear and strong incentives for workers to temporarily increase their labor
supply, why do they generate such different responses? There are at least three candidate explanations. First, it may reflect differences in the degree of adjustment and organizational frictions between
the Icelandic and Swiss labor markets. As I highlighted in Section 2.2, the Icelandic labor market is
more flexible and less regulated than labor markets on mainland Europe, closer to what is found in
the US labor market. As I will document in the coming sections, labor supply responses vary substantially across workers depending on the flexibility of their work arrangements. It is not unlikely that
the same is true across countries. Indeed, Martinez, Saez, and Siegenthaler (2018) report a relatively
large elasticity of 0.3-0.4 for the subpopulation of self-employed workers, a group which is likely to
have more flexibility in labor adjustment than the average worker. Second, the methodology in Martinez, Saez, and Siegenthaler (2018) compares average outcomes in areas experiencing a tax holiday
to others undergoing a reform in different years, identifying reduced-form aggregate responses. This
includes the direct effect, where workers faced with larger tax cuts have stronger incentives to shift
labor supply to years without taxes, as well as all indirect equilibrium effects, negative and positive.
While negative local-labor market equilibrium effects cannot be ruled out as one possible explanation, strong negative effects would be inconsistent with my results for Iceland, which indicate that the
tax-free year generated positive equilibrium effects. Third, unlike the reform in Iceland, the reform
in Switzerland may have been, at least to some extent, anticipated. The federal tax law was passed in
1990, following which the cantons were free to adopt the new system when they wanted. The earliest
switching cantons had a tax holiday in 1997 and 1998. If the anticipation effects are strong, workers
may choose to work less in the years before the tax holidays, and thus intertemporally substitute
labor supply towards the tax-free years. Unfortunately, as reported in Martinez, Saez, and Siegenthaler (2018), the data are missing for the early switching cantons when suitable control groups for
such an analysis are available, rendering it infeasible to answer this question empirically. However,
one might also expect that the anticipation effects would lead to stronger responses during the tax
holiday. Therefore, of these three, differences in labor-market flexibility seem to be the most plausible
explanation for the differences in labor supply responses.
as the weighted average percentage change in earnings for men and women in 1987 relative to the average in 1986 and
1988, divided by the change in net-of-tax rates for the same years. The standard error is computed from the standard
errors reported for the changes in earnings using the Delta method. I interpret this as an intensive-margin elasticity as the
calculations are based on individuals working in 1986. This is the same procedure as that used in Chetty (2012), whereas
their calculations are based on averages across the tax-bracket schedule.

26

In recent work, Stefánsson (2019) revisits and extends the analysis in Bianchi, Gudmundsson, and
Zoega (2001). Using difference-in-differences across tax-brackets, he provides earnings elasticity estimates implying a lower Frisch elasticity than found in Bianchi, Gudmundsson, and Zoega (2001).
These estimates are complementary to the analysis I present in Section 4.35 Relying on the details
of my new data set, such as information about working time, characteristics of jobs and information about work on different jobs that people hold, the focus of the current paper is on studying the
mechanisms behind peoples’ responses and their heterogeneity, revealing the anatomy of labor supply responses. Stefánsson (2019) focuses on adjusting elasticity estimates to potential biases due to
income effects from the reform and heterogeneity in elasticities. Notably, his results imply a very limited bias due to income effects. This is comforting and in line with the fact that the tax-free year did
not create a cash-flow effect as income taxes are due every year. However, his analysis indicates a bias
due to heterogeneity across tax brackets. Importantly, this bias can be limited by using alternative
research designs, such as the life-cycle DD method that I introduce in Section 5.
Other earlier work. Most of the existing evidence on Frisch elasticity is based on regressions of working hours on wages of prime-age men, predominantly in the Panel Study of Income Dynamics (PSID)
in the US. This includes the seminal studies of MaCurdy (1981) and Altonji (1986). As Figure 9a illustrates, the estimates reported in this literature tend to be small and imprecisely estimated and often
statistically insignificant from zero. There are several reasons why my estimates might differ from
this literature. First, the instrumental variable approach used in much of this literature is based on individual characteristics, traditionally age and education, as predictors of changes in wages.36 While
this literature brought the insight that these factors can be good predictors of the level of wages, later
work has found them to perform poorly in predicting changes, leading to weak instruments (Keane,
2011). In addition, these characteristics may also predict individuals’ taste for leisure, something that
would violate the exclusion restriction. Second, there has been much emphasis on issues of measurement in survey data on wages and hours, the PSID data set in particular, which may lead to either a
positive or a negative bias (see, e.g., Heckman, 1993; French, 2004a; Barrett and Hamermesh, 2017).37
Small and insignificant earlier estimates may reflect both the empirical challenge of estimating
Frisch elasticity and adjustment frictions and inattention to small changes in pay. This has motivated
several studies that study particular occupations, such as bicycle messengers and taxi drivers, for
whom finding exogenous changes in wages is plausible and who are more free in choosing their
daily labor supply. Summarized in Figure 9a, a finding that clearly emerges from this literature is
that these groups are particularly elastic. For reference, the figure also presents my elasticity estimate
for the subsample of taxi and transportation drivers, which is larger than my population estimate.
35
In most cases, the set of tax-bracket comparison groups differs from my main analysis, which pools together the estimates for the three top tax-brackets in a weighted average elasticity. However, when comparable, as in Table A.17 in the
Online Appendix, the earnings elasticity estimates presented in the two papers are broadly similar.
36
Pistaferri (2003) differs from others in this literature. In a novel approach, he estimates a life-cycle model using data on
people’s subjective beliefs about earnings to isolate unexpected variation in wages from expected variation.
37
In addition to the quasi-experimental literature surveyed here, an extensive literature estimates Frisch elasticity using
structural methods. In Figure A.14 in the Online Appendix, I survey estimates from prominent papers in this literature. A
general pattern that emerges is that my estimates are closer to the parameter values reported in this literature than to the
estimates I have surveyed above.
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While these studies provide clear causal estimates pertaining to particular subgroups in an environment with minimum frictions, it is not clear how informative they are for learning about business
cycle variation in employment for the average worker and the economy as a whole. For example,
while Fehr and Goette (2007) find a very elastic behavior of Swiss bike messengers, the evidence
in Martinez, Saez, and Siegenthaler (2018) indicates that their findings are not representative of the
Swiss population.
Figure 9b reports estimates of extensive margin Frisch elasticity.38 Apart from Martinez, Saez,
and Siegenthaler (2018), who estimate a Frisch elasticity of zero during the Swiss tax holidays, and
Carrington (1996), studying employment in Alaska during an oil pipeline boom in the 1970s and
documenting a very large employment response, the existing evidence is concentrated within the
population of workers close to retirement. Consistent with this literature, I document extensivemargin responses of older workers. However, the strongest employment responses in my sample are
among the youngest cohorts, for which no previous estimates exist.

7

Anatomy of Labor Supply Responses

I have uncovered strong labor supply responses to the temporary work incentive generated by the
tax-free year. If there is significant heterogeneity in behavior at the micro level, estimates of the average labor supply elasticity do not identify a structural parameter. Aggregation issues and nonlinearities imply that the aggregate elasticity will depend on the demographic structure of the economy
(Attanasio et al., 2018). This implies that understanding business cycle fluctuations in employment
and improving public policies requires knowing how labor supply responses are influenced by individuals’ characteristics and constraints, and how those factors shape the margins of response. However, due to the lack of large-scale natural experiments and detailed microdata, previous work has
been unable to study the macroeconomic relevance of heterogeneity.
One may approach this analysis from two vantage points. Based on theory of labor supply, where
the Frisch elasticity measures the intertemporal exchange of time on and away from market work,
one approach is to study how increased working time comes at the expense of less leisure, less home
production, and less human-capital production. This would be a functional approach. An alternative
is to study how institutions, such as the family and the workplace, shape the ways in which individuals arrange and adjust their working time. This approach, which I follow, can be described as an
institutional approach.

7.1

What Features Shape Labor Supply Responses?

In studying heterogeneous responses, how can we systematically direct our attention in the most
productive directions? There are multiple margins along which heterogeneity may arise and a vast
literature provides a range of standing theories. My approach is to use machine-learning methods as
a way of drawing up a roadmap, uncovering signposts that give the most important directions, and
38

For a recent meta-analysis of extensive margin elasticities, see Chetty et al. (2013).
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then arrange my analysis around those landmarks.
My methodology involves four steps. First, I estimate labor supply elasticity at the individual
level using life-cycle DD, matching each individual to a counterfactual constructed from a group of
individuals with the exact same characteristics. Next, I use the random forest algorithm, developed
by Breiman (2001), to predict labor supply elasticity using a broad set of characteristics.39 Third, I
exploit the comparative advantage of the random forest algorithm relative to other machine-learning
methods, allowing me to rank characteristics by their importance. Fourth, I proceed by arranging my
analysis around the set of most important predictors.
Figure 10 plots the relative importance of characteristics in predicting labor supply elasticity, measured with the gain achieved by splitting along the dimensions of a given characteristic. The characteristics used in the random forest prediction can be broadly categorized into two groups: characteristics of the individual, such as gender and age, and characteristics of his job and employment
arrangement, such as occupation and working time. The figure presents results from three models.
First, presented in the first bar, a model only based on individual characteristics highlights age to be
an important feature, followed by whether and how many children individuals have. In the second
bar, I present a model based only on employment and job characteristics, which are all defined in prereform values. It highlights the importance of weeks, which bundles the importance of weeks worked
in three pre-reform years, as well as labor earnings and net wealth. The third bar plots results from a
full model, incorporating both individual and employment characteristics, as well as characteristics
of spouses of married individuals. It documents that working time in the years prior to the reform is
the single most important feature.40 This is followed by earnings, age, wealth, measures of spousal
labor-market activity, and then characteristics of jobs, such as sector, occupation and firm size. Following the pattern it reveals, my analysis will evolve around and illustrate the importance of three
themes. First, labor-market attachment, which is highlighted by the importance of working time, age,
earnings, and wealth. Second, the importance of flexibility of employment arrangement is highlighted
by the weight of weeks worked and characteristics of jobs. Third, family ties and coordination is highlighted by the importance of spouses’ labor market activity and children. I now study these themes
in turn.

7.2

Labor Market Attachment

Figure 11a plots the elasticity of earned income by age. As explained in Section 5, the life-cycle DD
design builds on pairwise cohort-by-cohort differences and therefore naturally produces separate
elasticity estimates by cohort. Figure 11a plots separate estimates for each cohort by age in 1987.
The figure displays a very interesting pattern. For the prime-age population, the elasticity is
39

Athey and Imbens (2016) and Wager and Athey (2017) develop a methodology that uses random forests to estimate
heterogeneous treatment effects. This methodology relies on random assignment and can therefore be readily applied to
RCTs. Differently, my research design builds on difference-in-differences, implying that their method cannot be readily
applied. Therefore, I use my research design to first obtain causal effects at the individual level and then use the random
forest algorithm to characterize the heterogeneity in the effects. I then proceed to a more thorough analysis guided by the
patterns revealed.
40
Figure A.18 in the Online Appendix plots a decision tree with the most important splits. It documents that the single
most important split is whether working more or less than 25 weeks in 1985.
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stable and between 0.4 and 0.5. Older cohorts display slightly stronger responses, in particular those
at or around the statutory retirement age of 67.41 The young cohorts – between the age of 18 and
30 – display the largest elasticities, as high as 2 among the youngest cohorts. Although the elasticity
is largest only for the few youngest cohorts, this has an important implication for the aggregate
elasticity. The population aged 18-30 corresponds to about 22% of the population, which pulls up the
average elasticity depicted with a solid horizontal line. In a similar fashion, Figure 11b explores the
heterogeneity in extensive-margin responses, plotting the employment semi-elasticity by age. This
figure highlights that the modest aggregate employment responses reported in Section 5 mask an
important heterogeneity. All employment responses are driven by workers younger than 25 and
older than 60, with the former group displaying a very elastic employment behavior. For the primeage population, the employment elasticity is zero.
Strong labor supply responses of the youngest and oldest cohorts highlight the importance of
labor-market attachment. In particular, the young cohorts, most of whom are out of the labor force,
part-time employed or at early stages in their careers, are likely to have more of their time endowment
available to be exchanged for more working time at the expense of leisure and other activities. Indeed, the evidence presented in Figure 10 demonstrates the interplay between age and working time,
highlighting that age is less important on its own when interacted with weeks worked pre reform.42
In addition, the fact that elasticities are larger for cohorts close to retirement than the prime-age population rhymes with anecdotal evidence of some pensioners having postponed retirement in 1987 to
earn tax-free income.43

7.3

Flexibility of Employment Arrangement

The canonical model of labor supply assumes that workers hold a single job on which they can
flexibly choose their hours of work.44 As a result, workers choose to work the number of hours that
maximizes their utility at the given wage. Since hours can be varied freely, workers are always on
their labor supply curve and preferences determine the hours response to wage changes. A growing
literature casts doubt on this assumption, proposing that workers face various adjustment frictions,
such as inflexibility in work schedules and inability to get remunerated for additional hours. As a
result, estimates of short-run labor supply elasticities will be muted as actual hours cannot be easily
adjusted to a new desired level in the event of a wage change. In what follows, I study how such
adjustment frictions influence the heterogeneity in labor supply responses.
Temporal Flexibility. Jobs appear to vary greatly in the temporal flexibility they offer. Recently,
41
While workers receive pension and are eligible for old-age benefits from age 67, it is common to retire later and some
choose to retire earlier, e.g. at the time when their spouse reaches the statutory retirement age.
42
As documentd in Figure A.18, plotting a ‘tree’ with the most important splits in my random forest prediction, being
younger or older than 29 is the second most important split, following the split between working more or less than 25
weeks in 1985. This age cut-off is well supported by Figure 11a.
43
At the statutory retirement age of 67, individuals become eligible to receive old-age benefits, conditional on having
earnings below a certain threshold. According to records of the Social Insurance Administration, benefits were reduced for
a significant share of individuals due to receive benefits in 1988, as their 1987 income exceeded the income threshold.
44
An equivalent interpretation is that workers freely choose between employers offering different hours and wage packages.
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Goldin and Katz (2016) exemplify pharmacists as an occupation with high temporal flexibility. In
particular, a characteristic feature of this occupation are simple transitions between part-time and
full-time employment due to high substitutability between workers.45 As a result, there is a substantial dispersion in working time within the occupation. Another example are occupations where taking on additional shifts is relatively easy, such as for Uber drivers (Hall and Krueger, 2018), leading
to a large dispersion in working time. Building on the idea that underlies these examples, I construct
a measure of temporal flexibility based on the dispersion in working time within occupations. More
precisely, I measure temporal flexibility with the coefficient of variation (CV) in working time within
occupations:

CV pWot q “

ot

µot

,

ot

«

N
ot
ÿ
1
“
pWiot ´ µot q2
Not ´ 1 i“1

ff 12

,

Not
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Not i“1

(6)

where Wiot is the number of weeks worked by individual i in occupation o in year t, Not is the number
of jobs in occupation o in year t, and µot ,

ot

are, respectively, the average and standard deviation of

weeks worked in occupation o in year t. I calculate CV pWot q for three years prior to the tax-free year
and use the average in my analysis.46 .

How should this metric be interpreted? If there is much dispersion in working time within an
occupation, e.g. many workers have part-time jobs while others work full-time, it is characterized
by high temporal flexibility. However, if the dispersion is low, e.g. if the occupation only allows
for full-time employment, the occupation has a low temporal flexibility. In other words, occupations with a higher temporal flexibility are those that offer a broader menu in terms of employment
arrangement. According to this measure, occupations with the most temporal flexibility are elementary workers in the service sector (e.g. restaurant workers), workers in cleaning and related activities,
and elementary workers in agriculture. The least flexible occupations are managers in construction
and manufacturing, and blue-collar workers employed by the U.S. Navy.47
Figure 12a plots the earnings elasticity by occupation against the temporal flexibility of the occupation. Employing the life-cycle DD design, I estimate the occupation-level elasticity after conducting
the matching procedure described in Section 5.1 within the set of workers employed in each occupation pre-reform. This enables me to compare elasticities across occupations without the difference
being driven by compositional differences in characteristics such as age, gender and family characteristics, which I establish to be an importance source of heterogeneity. The size of the dots on the
graph is proportional to the number of workers employed in the occupation. The figure documents
an upward slope: workers in the most flexible occupations have substantially higher elasticities than
those in the most rigid occupations. This difference is further tested in Table 8, reporting that while
the earnings elasticity is larger among workers in more temporally flexible jobs, workers in more
rigid jobs still display sizable labor supply responses.
45

Recent research suggests that workers in greater need of flexibility, such as women with young children, put more
value on flexible jobs and choose them more actively (Mas and Pallais, 2017).
46
Figure A.17 in the Online Appendix plots the distribution of CV pWot q
47
These are workers employed at the U.S. Naval Air Station Keflavik (NASKEF). The army base was built during World
War II by the United States Army and closed in 2006.
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Hours Constraints. Although the notion of hours constraints may be clear from a theoretical standpoint, empirical measures, or even indicators, of the prevalence of such frictions are hard to come
by.48 Ideally, one would like to observe individuals’ employment contracts and compare responses
of workers who have latitude in deciding how many hours they work to workers locked into a wagehours bundle and working more hours on the given job is not feasible. As such information is not
available, I proxy for hours constraints by whether a certain worker holds a job with a fixed monthly
salary or is paid by the hour.
An institutional feature of the Icelandic labor market is that some workers have a fixed-salary
contract, receiving the same salary irrespective of the number of hours (including overtime) they
work. In most cases, these contracts specify the number of hours the employee is expected to work
each month at the minimum. Although fixed-salary contracts exist throughout the labor market,
they are more prevalent in some sectors and occupations than others.49 To identify groups where
such contracts are more prevalent, I employ an employer-employee data set with comprehensive
information on wages and working hours.50 As these data only extend back to 1998, they cannot be
directly merged into my main data set at the level of individuals or firms. Therefore, I measure the
average share of fixed-salary workers by occupation over a ten-year period and assign these shares
to workers in my main data based on their occupation. Since these data exclude the public sector and
some industries in the private sector, this measure cannot be computed for all occupations. I measure
“flexibility of remuneration structure”, or “hours flexibility” for short, with 1 minus the fixed-salary
share. Occupations with the least hours flexibility according to this measure are professionals (e.g.
engineers) in the construction sector (42%) and managers in the construction sector (37%), while those
with most flexibility are elementary workers in construction (0.05%) and manufacturing (0.2%).
Figure 12b plots the earnings elasticity by occupation against hours flexibility of occupation. As in
12a, elasticities are computed at the occupation level and the size of the dots is relative to the number
of workers in each occupation. The figure depicts a positive and statistically significant relation, implying that workers in occupations with more hours flexibility have larger elasticities. Interestingly,
however, the figure also documents a sizable elasticity for workers in many of the occupations for
whom hours constraints are likely to be binding. This difference is further tested in Table 8, which
contrasts workers in high vs. low hours-flexibility occupations. The table documents that while the
earnings elasticity is higher in the flexible occupations, the elasticity of weeks worked is higher in
those with less flexible hours. This contrast highlights a difference in the nature of responses across
these groups. Workers in occupations that are paid by the hour and have more latitude in adjusting their hours may respond along margins which are to a lesser extent captured by my measure of
working time (full-time weeks), such as overtime, whereas those with fixed hours-wage contracts are
48

Previous studies have indirectly inferred that hours constraints seem to be important from the fact that hours are found
to be more flexible for job changers than stayers (Altonji and Paxson, 1988, 1992; Martinez-Granado, 2005). Studies using
survey measures on the ability to adjust hours (Biddle, 1988; Ball, 1990) and measures of desired hours of work (Kahn and
Lang, 1991; Dickens and Lundberg, 1993; Stewart and Swaffield, 1997; Euwals, 2001) have also found supporting evidence
for the existence of hours constraints.
49
See e.g. various issues of Statistics Iceland’s Statistical Series, “Earnings in the private sector by occupational group”.
50
In the data, I observe wage rates, regular working hours, overtime etc. Working hours for salaried workers are contractual hours but actual hours worked for the hourly paid. For details, see Sigurdsson and Sigurdardottir (2016).
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more likely to convert vacation into working time and take a secondary job, a topic to which I will
return.
As this measure can only be computed for a subset of my sample, I construct another measure
based on actual pre-reform working time. I define workers to be hours constrained in their primary
job if they are recorded to be working exactly 52 weeks in that job in the prior year. This measure
is likely to capture similar features as the measure defined above. Indeed, the cross-sectional correlation between the two measures is high (0.7). Documented in Table 8, workers that are constrained
according to this measure are less responsive than those with more room for adjustment, in line with
the results above.51

7.4

Overcoming Adjustment Frictions: Multiple Jobs and Job Changes

The previous section documented important heterogeneities in labor supply responses by temporal flexibility and flexibility in the remuneration structure. Interestingly, however, I find significant
responses even for those workers most likely to be constrained. How are they able to overcome
frictions?
Secondary jobs and primary-job changes. While hours may be rigid within jobs, they may be flexible
across jobs. As a result, constrained workers may choose to change jobs to adjust their labor supply
to a new desired level. Although job changes may be an operating margin for long-term adjustment,
it is likely to be too costly a margin for temporary adjustment. Alternatively, therefore, workers may
choose to take up secondary jobs – i.e. to moonlight – as a way of overcoming hours constraints.52
I exploit an unusual detail of my data, where I separately observe all jobs that workers hold, to
study multiple-job holding (moonlighting) and primary-job changes as possible margins of adjustment. In Figure 13, I report estimates of the effect of the tax-free year on secondary-job holding and
primary-job change. Primary jobs are defined as the job where the worker earns the highest income.
Since my data include unique identifiers of firms, I can track each job over time and define primary51

In addition to the analysis reported above, I have studied the heterogeneity in responses across firms, sectors and occupations by other factors that may influence workers’ ability to adjust hours of work. Three results are worth mentioning.
First, I find substantially larger elasticities among workers in smaller firms than large firms. Ex ante, it is unclear how firm
size influences workers’ ability to adjust their hours. If jobs require cooperation between workers, coordination of hours
becomes a key constraint. If workers are complements, more work may not be feasible unless complemented by more input
from coworkers. Alternatively, if workers are substitutes, all workers in the firm cannot adjust their hours at the same time.
Within-firm coordination in hours may also attenuate labor supply responses (Labanca and Pozzoli, 2018; Battisti et al.,
2016). My results lend support to the hypothesis of reorganization frictions being less severe in smaller than larger firms.
Second, I estimate responses by sectors with different levels of capital intensity. One might expect labor supply adjustment
to be more difficult for workers employed in capital intensive sectors and sectors where capital-labor complementarity is
high. I find evidence supporting this hypothesis, although the differences are not very pronounced. Third, I study differences in responses across occupation by their “Routine Task Intensity” (RTI), a measure developed by Autor et al. (2003)
and Autor et al. (2006), which I merge to my data using the mapping to International Standard Occupation Classification
(ISCO) in Goos et al. (2014). It is not clear ex ante how job routineness correlates with labor supply responses. Workers in
less routine jobs might have more flexibility choosing their working time, but accumulating more time on work, such as by
working more shifts, might be easier in routine jobs. I find that workers in high RTI jobs have larger elasticities than those
in low RTI jobs, although differences are much smaller than by my measures of flexibility.
52
For early literature on moonlighting, see, e.g. Perlman (1966); Shishko and Rostker (1976); O’Connell (1979); Krishnan
(1990) and Paxson and Sicherman (1996). Interestingly, and related to my results in Section 7.5, Krishnan (1990) finds that
husbands’ decisions to moonlight are a substitute to wives’ earnings.
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job change as an event where either the worker leaves his primary job to take up another job or if
a previous secondary-job becomes his primary job. Secondary-job holding is defined as working at
least one week in a job other than the primary job.
Panel 13a reports a semi-elasticity of secondary-job holding of 0.052. This result, when compared
to the average propensity of 0.297, implies strong responses along this margin. In Panel 13b, I present
the effect on primary-job change, reporting a negative semi-elasticity of 0.048. This result is both
interesting and intuitive. As the tax-free year only generated a temporary incentive, most workers
are unlikely to make costly decisions such as changing primary jobs. Moreover, if searching for and
taking up new jobs is costly in terms of forgone working time, workers are likely to temporarily
postpone otherwise planned job changes.
A simple model with hours constraints in a primary job would imply that multiple-job holding
and job changes are more operative margins for constrained workers.53 To test that prediction, I
separate the estimates by whether workers are constrained in their primary job, which as before is
measured as working 52 weeks in the primary job in the previous year. As documented by the figure,
I find that the effect on secondary-job holding is entirely driven by constrained workers. Similarly, the
figure reports a decreased propensity of primary job change among constrained workers, whereas, if
anything, it increased among those that were unconstrained.54
Decomposition. In order to evaluate the aggregate implications of these margins, I evaluate how
much weight secondary jobs and job changes carry in explaining the overall labor supply response.
To answer this question, I decompose the total labor supply effect into the contributions from continuing primary jobs, new primary jobs and secondary jobs. Total labor supply, ET , measured either at
the level of real labor earnings or weeks worked, can be written in terms of its subcomponents as
ET “ Ep ` Es
ET “

EpCont

where EpCont is a continuing primary job,

`

(7)
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Secondary jobs

The components of equation (8) can be estimated using the DD framework in equation (2). Figure
13c reports the results from the decomposition. I find that 93% of the total earnings effect stem from
increased earnings on continuing primary jobs and earnings on secondary jobs amount to 6.8% of the
total, arising from both new secondary-jobs and more work on existing jobs. Of the additional weeks
worked, 34% of the responses are created by more time on secondary jobs while the remainder arises
53

In a recent study, Tazhitdinova (2017) exploits a German tax reform to show that the take-up of secondary jobs is likely
to be driven by hours constraints.
54
I have also explored the heterogeneous responses of workers along these margins by flexibility of jobs, finding similar
results.
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from increased working time in continuing primary jobs. Primary-job changes account for only 0.2%
of the effect on labor earnings and contribute negatively to the change in weeks worked, which is
consistent with a search cost in terms of foregone working time. As highlighted by equation (8), the
contribution from job changes is a result of two opposing forces. First, as documented above, I find
a decreased propensity of job change during the tax-free year. Second, those workers that do change
jobs, however, increase their labor supply, possibly being able to overcome hours constraints in the
previous job. As the decomposition highlights, these two effects almost exactly cancel each other.

7.5

Family Ties and Coordination

Changes in the take home pay, whether experienced by one or more members of a family, are likely to
result in coordinated family responses. Interdependencies in spousal labor supply may run through
at least three channels. First, as we expect couples to enjoy spending time together, they will coordinate their working time. That is, there is a complementarity in their leisure-time allocation, implying
that a change in working time of one spouse will induce a same-sign response of the other. Second,
in the spirit of Becker (1965), husbands and wives may engage in a shared effort of home production. As a result, if spouses are substitutes in home production, an increase in the take-home pay of
one spouse, with a consequent increase in labor supply, will reduce the hours worked by the other.55
Third, in addition to these indirect effects, there may be a direct income effect if the spouse’s earnings
are allocated to consumption which is public in the household.
I present a stylized model of collective labor supply in Online Appendix H, arriving at two predictions. First, within couples engaging in home production, individuals’ own-elasticity of labor
supply is stronger the more specialized they are in home production and the more important their
labor input is in the process. This is because time allocated to home production is a closer substitute
to time in market work than leisure. Second, cross-elasticities of labor supply are stronger the more
time the individual spends on home production but falling in his input elasticity. In other words, in
households where both spouses take part in home production but wives play the leading role, their
own-wage elasticity will be larger than that of their husbands. As chores are likely to be influenced
by the presence and number of children, with child care being a primary example of home production, mothers of more children are likely to have larger elasticities than women with fewer or no
children. However, the cross-elasticity may be stronger (more negative) for married men than for
married women if relatively more time-input is needed from them to substitute for their wives’ time.
I study how these mechanisms affected labor supply responses to the tax-free year.
Own-elasticities by family status. Figure 14 plots the elasticity of earned income by marital status
and number of children. These are obtained using the life-cycle DD, which is important as patterns
are likely to be shaped by responses of individuals working part-time or out of the labor force, such
as married women with children. In the left-hand panel, Figure 14 documents that single men and
55

Several studies have argued that home production influences the labor supply over the life-cycle (Rupert, Rogerson,
and Wright, 1995, 2000) and over the business cycle (Benhabib, Rogerson, and Wright, 1991), implying that it may be an
important factor in explaining the macro-micro discrepancy on the size of the Frisch elasticity. However, empirical evidence
on spousal interdependencies in intertemporal labor supply remains very scarce.
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women are very intertemporally elastic. Moreover, and interestingly, I find no statistical gender
difference between single men and women, neither parents nor childless singles.
In the right-hand panel, Figure 14 plots elasticities for married and cohabiting individuals. By
contrast, this figure shows a clear pattern. First, married men have a consistently lower elasticity than
both their single counterparts and married women. Second, the elasticity among married women is
steeply rising in the number of children, with mothers of four children or more having the largest
elasticity estimate. Both the fact that married women have larger elasticities than their husbands
and that elasticities are larger for mothers of more children are consistent with the predictions of my
stylized model. If wives contribute a larger share of their time to home production, which is more
time consuming in the presence of (more) children, we expect a larger elasticity for them than for
their husbands.
Cross-elasticities of Married Couples How do spouses coordinate their labor supply responses? In
order to answer this question, I estimate cross-elasticities for married men and women. That is, I
estimate how individuals respond to changes in their spouses’ marginal tax rate and, by extension,
their labor supply. As income taxes in Iceland are collected at the individual level, an individual’s
marginal tax rate depends on his own earned income, but not that of his spouse.56 This implies that
the tax-free year generated different changes in the tax rates of husbands and wives. Since these
differences vary across households, cross-elasticities can be identified. I estimate cross-elasticities
using the following modification of equation (2):
yit “ bracketi,t´1 `

t

cross
` "own ¨ logp1 ´ ⌧it q ` bracketspouse
¨ logp1 ´ ⌧itspouse q ` X 1it ` ⌫it (9)
i,t´1 ` "

where the two endogenous variables, the individual’s and the spouse’s net-of-tax rate, are instrumented with an interaction between indicators of the tax-free year and the treatment status for the
individual and his spouse separately. The coefficient "cross identifies the cross-elasticity.
Figure 14 plots cross-elasticities for married men and women by the number of children. For
men, the cross-elasticity is negative and on average larger (in absolute value) for fathers than for
childless husbands. In clear contrast, women’s cross-elasticities are close to, and not statistically
different from, zero. I study this pattern further in Table 9. In Column (1), the upper panel reports a
cross-elasticity of -0.172 for husbands, while the lower panel reports a small, positive but insignificant
cross-elasticity for wives. The cross-elasticities are identified under the exclusion restriction that the
spouse’s tax rate only affects individuals’ labor supply via their spouses’ labor supply. The estimates
may, however, be influenced by income effects resulting from increased household income due to
the spouse’s response. I assess this in Column (2) by including spouse’s income as an additional
regressor, finding a negative coefficient for men, indicating a small income effect from spousal labor
supply, but a positive for women.57
In Columns (3)-(8), I evaluate how the coordination revealed by the cross-elasticities depends on
56

This is different from the tax system in place in many countries, including the US, where married couples are taxed on
their joint income and couples therefore face the same marginal tax rate.
57
I use the inverse hyperbolic sine function of the spouse’s income, instead of the logarithm, in order to account for the
possibility of non-earning spouses.
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indicators of home-production activity and labor-market frictions. First, I find the cross-elasticity for
fathers with young children (0-6 year olds) to be almost twice as large as the estimate for other men.
Second, the cross elasticity is large and negative for men younger than 60, while not significant for
older men.58 Third, the cross-elasticity for husbands constrained in their primary job is more than
twice as large as for those unconstrained, for whom it is only marginally significant.59
What do these results imply about overall household responses? To gauge this, I compare total
household responses including and excluding cross-responses and spousal income effects. More
precisely, I first estimate equation (9) in levels of income for both spouses separately and estimate
the increase in total household income accounting for both own responses and effects from their
spouse’s responses. Comparing this increase in total household response to those assuming no crossresponses or income effects implies that actual household responses are 23% smaller than if spouses
would have been treated in isolation.
The unitary model of household labor supply, which models spouses as a single decision-making
unit, makes strong predictions about cross-elasticities (Becker, 1973, 1976). More precisely, it predicts
that the Slutsky matrix should be symmetric: the cross-elasticities for husbands and wives should be
equal (Chiappori and Mazzocco, 2017). This prediction in rejected in my setting. Furthermore, my
findings indicate that coordinated responses arise from substitution in tasks and chores within the
household. Married women with children respond strongly to a temporary tax-cut. As non-working
time is, at least partly, spent on home production, increased market work must be met either by
increased market-produced consumption or through an increased input from the spouse. My results
show that while men work less in responses to their wives’ incentive to work more, the reverse is not
true.60
An extensive literature has studied gender differences in labor supply, and frequently finds larger
elasticities for women than for men (McClelland and Mok, 2012; Blundell and MaCurdy, 1999). The
evidence presented above sheds an interesting light on the gender differences in Frisch elasticities
and the underlying mechanisms. The results indicate that these differences are not inherent to gender differences per se, as displayed by equal elasticities for single men and women, but rather to
the presence of children and specialization within the household. Since the time allocated to home
production is a closer substitute to market work than pure leisure, spouses spending relatively more
time on home duties, who traditionally are women, will respond relatively more strongly to changes
in the take-home pay.
58

These results confirm those of Aguiar et al. (2013) for the US, finding evidence of a strong substitutability between
market work and home production over the business cycle, and more strongly for married workers than singles.
59
Large responses of mothers may result from adjustment frictions that make it harder for primary earners to adjust
relative to secondary earners, who may work less market-hours but more hours at home. I study this in Figure A.19 in
the Online Appendix, where I estimate both own and cross-elasticities separately for men and women depending on a
combination of their own and their spouses’ full-time vs. part-time employment status.
60
In general, whether spouses’ labor supply are complements or substitutes remains an open question. Studies on the
‘added worker’ effect have found evidence of substitutability in spousal labor supply in response to job loss (Lundberg,
1985; Cullen and Gruber, 2000; Stephens, 2002) and non-recipiency of disability benefits (Autor et al., 2017). Other studies
have found evidence of complementarity in retirement decisions (Blau, 1998; Gustman and Steinmeier, 2000) and in responses to permanent tax reforms (Gelber, 2014; Goux et al., 2014). Recent structural work finds presence of children to be
important in shaping cross-responses of spouses (Blundell et al., 2018).
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Conclusion

Understanding how labor supply responds to changes in incentives has been a long-standing research program in micro- and macroeconomics. Exploiting a tax-free year in Iceland as a natural
experiment, I find that people respond strongly to a temporary but large and salient change in pay.
Using detailed microdata, I study the key mechanisms behind these responses, finding that both
labor-market structure and family structure are important determinants of aggregate employment
responses to temporary shocks. My results strongly indicate that labor supply responses cannot be
boiled down to a single number and average elasticities cannot be interpreted as estimates of a deep
structural parameter. But my results also indicate that voluntary changes in work constitute a key
mechanism in the transmission of aggregate shocks. Hence, understanding business cycles and improving policies requires us to know which individuals are most responsive to changes in pay and
how they respond.
Two important questions have been omitted from the paper. First, large temporary shocks may
have permanent effects. For example, decisions to increase the working time or enter the labor market in response to a temporary incentive may be ‘sticky’ and generate permanent effects. Second,
strong labor supply responses resulted in a predictable and large increase in income. Studying how
increased labor supply affected consumption and savings may provide valuable information for understanding business cycles and the transmission of policies. I aim at studying both these questions
in the near future.
Recent and ongoing changes in the US and European labor markets put my results into perspective. Employment arrangements are changing rapidly through more flexible scheduling, working
from home, and part-time work (Katz and Krueger, 2016), as well as through the fragmentation of
workplaces and the rise of secondary-jobs held in the “gig” economy. This means that conventional
models and estimates of elasticities within primary jobs become less and less accurate descriptions
of labor supply responses to shocks. Another related and pressing issue, where the labor supply
forces play an important role, is the labor-displacing effects of automation. In analyzing these effects
and evaluating how advances in robotics technology may reduce employment and wages, the size
of the Frisch elasticity is a key measure (Acemoglu and Restrepo, 2017). These changes highlight the
importance of studying many new aspects of labor supply.
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Figure 4: Number of Printed Newspapers Mentioning Withholding-Tax
Notes: The figure plots in blue dots the number of printed newspapers mentioning a withholding-based pay-as-you-earn
tax system per month during the period January 1980 to December 1988. Appendix B provides a detailed time-line of
events. The keywords searched for were “Staðgreiðsla skatta” and “Staðgreiðslukerfi skatta”. In red squares I plot a similar
count of newspapers mentioning a flat tax system, which was adopted in 1988. The keywords searched for were “eitt
skatthlutfall”,“eitt skattþrep” and “flatur skattur”. The count is based on searches in the Icelandic newspaper database
Tímarit.is in the six main newspapers (Alþýðublaðið, Dagblaðið Vísir (DV), Dagur, Morgunblaðið, Tíminn, Þjóðviljinn). The total
number of printed newspapers per month is about 145 on average.
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(a) Marginal tax rate by tax brackets
Notes: The figure shows the evolution of statutory marginal tax rates by tax-brackets, where local-level tax is the average
across municipalities. Small lump-sum and flat income taxes, such as health insurance contribution, cemetery charge,
church tax and contribution to the construction fund for the elderly, are excluded in the graph.

(b) Tax-bracket thresholds in percentiles of income
Notes: The figure shows the evolution of tax-bracket thresholds, set in nominal values and updated regularly by the Icelandic
Parliament to account for changes in prices and wages. The thresholds are presented as the percentile of the taxable income
distribution each year. Calculations assume that workers deduct the statutory minimum of 10% from their national-level
income tax base each year. For more details on the Icelandic tax system and tax deductions, see Appendix A.

Figure 5: Marginal tax rates and tax-bracket thresholds
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(a) Reduced Form: Log Labor Earnings

(b) Reduced Form: Total Weeks Worked

Figure 6: Dynamic Difference-in-Difference — Placebo Tests
Notes: The figures present estimates from a dynamic DD version of equation (1), estimated in the following regression
yit “ bracketi,t´1 `

t

` ⌘t ¨ Bi,t´1 ˆ

t

` X 1it ` µit ,

where the outcome variable in panel (a) is log labor earnings and in panel (b) total weeks worked. They plot the coefficients
⌘t , where Bi,t´1 ˆ t“1986 is normalized to zero. Standard errors are clustered at the individual level and the vertical bars
plot the 95%-confidence intervals. Figures A.5, A.6 and A.7 in the Appendix provide a graphical presentation of the reduced
form evidence and the first stage.
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(a) Marginal Tax Rate

(b) Weeks Worked

(c) Labor Earnings (levels)

(d) Labor Earnings (differences)

Figure 7: Graphical Evidence: Life-Cycle Difference-in-Difference Research Design
Notes: The figure shows the evolution of marginal tax rates, weeks worked and labor earnings for birth cohorts born in 1940, 1939
and 1938. In (a) I plot the average marginal tax rate, in (b) the average weeks worked, in (c) the average labor earnings in real terms,
normalized to 100 in 1986, and in (d) the average difference in log real labor earnings relative to the cohort born one year earlier, which
detrends the series plotted in panel (c). Each graph is based on a matched sample based on the procedure described in the main text
in Section 5.1. The vertical bars plot the 95%-confidence intervals.
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Research Design

Adjustment Margin

Tax-Bracket DD
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Figure 8: Summary of Frisch Elasticity Estimates
Notes: The figure summarizes estimates of intensive and extensive margin Frisch elasticities using different research designs. The
cells reporting estimates of intensive and extensive margin elasticities based on tax-bracket DD are estimates from Tables 1 and 3,
respectively. I interpret the earnings elasticity as an intensive margin as the sample is restricted to workers in the labor force prior
to the reform and I find no extensive margin responses. Estimates of the extensive margin elasticity based on life-cycle DD are from
Table 6. The earnings elasticity using the life-cycle DD, reported in Table 4, combines both intensive and extensive margin responses.
Estimates of the intensive margin elasticity using the life-cycle DD are based on the same restricted sample as used applying the
tax-bracket DD. The results are reported in Appendix Table A.27. The triple-difference estimate uses the same sample and therefore
corresponds to the intensive margin elasticity. Standard errors are in parentheses. The equilibrium effect is the difference between the
life-cycle DD and triple-difference intensive-margin estimates p0.529 ´ 0.431q.
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(a) Intensive-Margin Frisch Elasticity

.6

Notes: The figure plots estimates of intensive margin Frisch elasticity by subgroup or population studied. Point estimates refer to the
authors’ main, representative, or preferred specification. 95% confidence intervals are either based on reported standard errors or computed
using the delta method, and are censored at 1.5 and -0.10 for visual purposes. My estimates are in orange and circled. The labels are
as follows.“MMS 18”: Martinez, Saez, and Siegenthaler (2018), “LS 06”: Looney and Singhal (2006), “Saez 03”: Saez (2003), , “BGZ 01”:
Bianchi, Gudmundsson, and Zoega (2001) “French 04”: French (2004b), “Pistaferri 03”: Pistaferri (2003), “HR 02”: Ham and Reilly (2002),
“Lee 01”: Lee (2001), “Angrist 01”: Angrist (1991), “AM 90”: Altug and Miller (1990), “Altonji 86a” and “Altonji 86b”: Altonji (1986), “BDI
85”: Browning, Deaton, and Irish (1985), “MaCurdy 81”: MaCurdy (1981), “ACH 17”: Angrist, Caldwell, and Hall (2017), “GMV 17”: Giné,
Martinez-Bravo, and Vidal-Fernández (2017), “Saia 17”: Saia (2017), “Goldberg 16”: Goldberg (2016), “Farber 15”:Farber (2015), “Stafford
15”: Stafford (2015), “FG 07”: Fehr and Goette (2007), “Oettinger 99”: Oettinger (1999). Estimates in MaCurdy (1981) of 6.25, as reported in
Keane (2011), and negative elasticities in Camerer, Babcock, Loewenstein, and Thaler (1997), are excluded for visual purposes.
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(b) Extensive-Margin Frisch Elasticity
Notes: The figure plots estimates of extensive margin Frisch elasticity by subgroup or population studied. The point estimates refer to the
authors’ main, representative, or preferred specification. 95% confidence intervals are either based on reported standard errors or computed
using the delta method. My estimates are in orange and circled. The labels are as follows.“Carrington 96”: Carrington (1996), “MMS 18”:
Martinez, Saez, and Siegenthaler (2018), “MW 16”: Manoli and Weber (2016), “Brown 13”: Brown (2013), “GW 99”: Gruber and Wise (1999).

Figure 9: Summary of Frisch elasticity estimates
50

1

.8

Location

Marital status

Firm age
Occupation

Education

Firm size
Sector

Gender

Wealth

Gender
Firm age
Occupation
Children

Firm size
Sector
Spouse weeks
Spouse earnings

Relative importance

Wealth
Children

Earnings

Age

.6
Earnings

.4
Age

Weeks
Weeks

.2

0

R2=0.0224

R2=0.0932

R2=0.1154

Individual
characteristics

Employment
characteristics

Individual & employment
characteristics

Figure 10: Feature Importance in Explaining Variation in Elasticities
Notes: The figure plots the relative contribution of each feature in predicting labor supply elasticity. This is measured by first estimating labor supply elasticity at the individual level using the life-cycle DD design, matching each individual to a counterfactual
constructed from all individuals with the exact same set of characteristics. Then, I predict labor supply elasticity using the available
set of characteristics using the random forest algorithm. The importance of each feature is then measured with the gain in prediction
achieved over all trees through splits using a given feature. The total gain is normalized to 1, giving the relative importance of each
characteristic in each model. R2 is calculated through cross-validation, where model predictions using the training data are compared
to actual values. All employment and job characteristics are pre-reform values as of 1986, except weeks which bundles the prediction
gain using weeks worked in the three pre-reform years. This measure (weeks) serves as my measure of labor-market attachment.
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(a) Elasticity of labor earnings

(b) Employment semi-elasticity (extensive margin)

Figure 11: Labor supply elasticity by age
Notes: Panel (a) plots the elasticity of labor earnings for each cohort of age 18-68 in 1987. Each point in the graph is a separate estimate
from equation (4), where the dependent variable is the logarithm of labor earnings and the treatment group is of the age denoted on
the x-axis in 1987. Panel (b) plots employment semi-elasticity for each cohort estimated in separate regressions according to equation
(4), where the dependent variable is an employment indicator. The vertical bars plot the 95%-confidence intervals. The horizontal
line plots the average elasticity, as reported in Tables 4 and 6. The shaded area (bars) is the population distribution, where each bar
corresponds to the fraction of the working-age population (in %).
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(a) Elasticity by temporal flexibility
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(b) Elasticity by flexibility of remuneration structure

Figure 12: How important are adjustment frictions in shaping labor supply elasticities?
Notes: Each panel plots labor earnings elasticity estimates by groups against a measure of adjustment frictions. In Panel (a), “temporal
flexibility” is measured with the coefficient of variation in weeks worked, i.e. the occupation-level dispersion in working time. In
Panel (b), “flexibility of remuneration structure” is measured as one minus the occupation-share of workers with fixed salary contracts.
Elasticities are estimated using the life-cycle DD design, after conducting the matching procedure described in Section 5.1 within the
set of workers employed in each group pre-reform. This enables me to compare elasticities across occupations without the difference
being driven by compositional differences in other characteristics. The size of the dots on the graphs is proportional to the number of
workers in each group.
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(a) Secondary-job holding

Constrained
in Primary Job

Unconstrained
in Primary Job

(b) Primary-job change

Notes: The dependent variable in Panel (a) is an indicator that equals one if holding a secondary job, measured by working at least
one week on a job other than the primary job within the year, but zero otherwise. The pre-reform mean of this dependent variable
is 0.297. The dependent variable in Panel (b) is an indicator that equals one if the primary job is different from the primary job in
the previous year, but zero otherwise. The pre-reform mean of this dependent variable is 0.232. “Constrained in primary job” is an
indicator that equals one if working 52 weeks in the primary job in the prior year, but zero otherwise. The figure presents results from
a 2SLS estimation of equation (2), where the net-of-tax rate is instrumented with an interaction between indicators of treatment status
and tax-free year. Separate semi-elasticities for those constrained and unconstrained in primary jobs are obtained by interacting the
net-of-tax rate and the instrument in equation (2) with the indicator for being constrained. Controls are gender, age, education, marital
status, whether living in the capital area or not, and the number of children at age 0-18. The figure shows 95% confidence intervals
based on robust standard errors clustered by individual.
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0.068
0.34

Fraction of response

.8

.6
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Labor Earnings

Weeks Worked

Continuing primary jobs

New primary
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(c) Decomposition of treatment effect into primary and secondary jobs
Notes: The figure presents a decomposition of the total treatment effects on labor earnings and weeks worked into subcomponents, as
described by equation (8). Calculations are based on estimates of equation (2) in levels of each outcome and the numbers presented
are the contribution of each component to the total effect.

Figure 13: Secondary-job holding and primary-job change
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Single

Married & Cohabiting

2
1.5
1
.5
0
-.5

0

1

2+

0
1
Number of Children

Men, own-elasticity
Men, cross-elasticity

2

3

4+

Women, own-elasticity
Women, cross-elasticity

Figure 14: Elasticity of Labor Earnings by Number of Children and Marital Status
Notes: The figure presents estimates of own-elasticities (in circles) and cross-elasticities (in crosses) for men and women depending
on marital status and the number of children. Marital status and the number of children are defined as of the previous year. Ownelasticities are estimated using a 2SLS estimation of equation (4), where the dependent variable is log labor earnings. Regressions
include match-strata fixed effects, which refer to group fixed effects, where each group is a cell used in coarsened exact matching on
age, gender and pre-treatment marital status, the number of children, education, location indicator and percentile of income. Crosselasticities are estimated using a 2SLS estimation of the following modification of equation (2):
yit “ bracketi,t´1 `

t

spouse
cross
` "own ¨ logp1 ´ ⌧it q ` bracketspouse
¨ logp1 ´ ⌧it
q ` X 1it ` ⌫it
i,t´1 ` "

where the dependent variable is the logarithm of the individual’s labor earnings and the two endogenous variables, the individual’s
log net-of-tax rate and his spouse’s log net-of-tax rate, are instrumented with an interaction between indicators of treatment status and
tax-free year for the individual and his spouse separately. The coefficient "cross identifies the cross-elasticity. Estimates by subgroups
are obtained by interacting group indicators with the log of the net-of-tax rate of the individual and his spouse as well as the respective
instrumental variables. Regressions control for gender, age, education, marital status, and whether living in the capital area or not.
The figure shows 95% confidence intervals based on clustered robust standard errors.
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Table 1: Tax-Bracket DD: Effect of a Tax-Free Year on Labor Earnings
(1)
0.374***
(0.024)

(2)
0.330***
(0.024)

(3)
0.401***
(0.032)

First stage estimate pd logp1 ´ ⌧ qq

0.077***
(0.005)
0.207***
(0.001)

0.069***
(0.005)
0.208***
(0.001)

0.077***
(0.006)
0.193***
(0.001)

Controls
Occupation Fixed Effects
Sector Fixed Effects
Matching
Observations

Yes
No
No
No
526,955

Yes
Yes
Yes
No
526,955

Yes
No
No
Yes
526,458

d log y
2SLS DD estimate ( d logp1´⌧
q)

Reduced form estimate pd log yq

Notes: The table presents results from difference-in-differences (DD) regressions, where each
row and column entry corresponds to one regression estimate. The top row presents results
from a 2SLS estimation of equation (2), where the dependent variable is the logarithm of labor earnings and the net-of-tax rate is instrumented with an interaction between indicators of
treatment status and tax-free year. The middle row presents results from a reduced-form DD
estimation of equation (1), where the outcome variable is the logarithm of labor earnings. The
bottom row presents results from a first-stage DD estimation of equation (1), where the outcome variable is the logarithm of one minus the marginal tax rate. Controls are gender, age,
education, marital status, whether living in the capital area or not, and the number of children
at age 0-18. Occupation and sector fixed effects are group dummies for occupation and sector
groups. "Matching" refers to weighted regressions after coarsened exact matching on age and
pre-treatment marital status, the number of children and education. Robust standard errors
clustered by individual in parentheses. *** p†0.01, ** p†0.05, * p†0.1

Table 2: Tax-Bracket DD: Effect of a Tax-Free Year on Total Weeks Worked
(1)
4.926***
(0.784)

(2)
4.818***
(0.765)

(3)
6.549***
(1.074)

First stage estimate pd logp1 ´ ⌧ qq

1.023***
(0.162)
0.207***
(0.001)

1.006***
(0.159)
0.208***
(0.001)

1.267***
(0.207)
0.193***
(0.001)

Mean of outcome variable
Controls
Occupation Fixed Effects
Sector Fixed Effects
Matching
Observations

48.43
Yes
No
No
No
520,438

48.43
Yes
Yes
Yes
No
520,438

48.43
Yes
No
No
Yes
519,941

dy
2SLS DD estimate ( d logp1´⌧
q)

Reduced form estimate pdyq

Notes: The table presents results from difference-in-differences (DD) regressions, where each
row and column entry corresponds to one regression estimate. The top row presents results
from a 2SLS estimation of equation (2), where the dependent variable is the total number of
weeks worked and the net-of-tax rate is instrumented with an interaction between indicators
of treatment status and tax-free year. The middle row presents results from a reduced-form DD
estimation of equation (1), where the outcome variable is the total number of weeks worked.
The bottom row presents results from a first-stage DD estimation of equation (1), where the
outcome variable is the logarithm of one minus the marginal tax rate. Controls are gender,
age, education, marital status, whether living in the capital area or not, and the number of
children at age 0-18. Occupation and sector fixed effects are group dummies for occupation
and sector groups. "Matching" refers to weighted regressions after coarsened exact matching
on age and pre-treatment marital status, number of children and education. Robust standard
errors clustered by individual in parentheses. *** p†0.01, ** p†0.05, * p†0.1
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Table 3: Tax-Bracket DD: Effect of a Tax-Free Year on Employment
(1)
-0.033
(0.024)

(2)
0.030
(0.030)

First stage estimate pd logp1 ´ ⌧ a qq

-0.004
(0.003)
0.127***
(0.001)

0.004
(0.002)
0.119***
(0.001)

Mean of outcome variable
Controls
Matching
Observations

0.914
Yes
No
530,900

0.914
Yes
Yes
530,397

dP
2SLS DD estimate ( d logp1´⌧
aq )

Reduced form estimate pdP q

Notes: The table presents results from difference-in-differences (DD) regressions, where each
row and column entry corresponds to one regression estimate. Employment is defined as earning more than a base income threshold, defined in terms of guaranteed income; see the main
text of Section 4 for discussion and details. The top row presents results from a 2SLS estimation
of equation (2), where the dependent variable is the total number of weeks worked and the log
of net-of-average-tax rate, p1 ´ ⌧ a q, is instrumented with an interaction between indicators of
treatment status and tax-free year. The middle row presents results from a reduced-form DD
estimation of equation (1), where the outcome variable is the total number of weeks worked.
The bottom row presents results from a first-stage DD estimation of equation (1), where the
outcome variable is the logarithm of one minus the marginal tax rate. Controls are gender,
age, education, marital status, whether living in the capital area or not, and the number of children at age 0-18. "Matching" refers to weighted regressions after coarsened exact matching on
age and pre-treatment marital status, the number of children and education. Robust standard
errors clustered by individual in parentheses. *** p†0.01, ** p†0.05, * p†0.1

Table 4: Life-Cycle-DD: Effect of a Tax-Free Year on Labor Earnings
(1)
0.654***
(0.016)

(2)
0.655***
(0.016)

(3)
0.639***
(0.016)

First stage estimate pd logp1 ´ ⌧ qq

0.145***
(0.003)
0.209***
(0.002)

0.145***
(0.003)
0.209***
(0.002)

0.143***
(0.003)
0.209***
(0.002)

Match-strata fixed effects
Individual fixed effects
Occupation fixed effects
Sector fixed effects
Number of matched observations

Yes
No
No
No
546,434

Yes
No
Yes
Yes
546,434

No
Yes
No
No
542,768

d log y
2SLS DD estimate ( d logp1´⌧
q)

Reduced form estimate pd log yq

Notes: The table presents results from difference-in-differences (DD) regressions, where each
row and column entry corresponds to one regression estimate. The top row presents results
from a 2SLS estimation of equation (4), where the dependent variable is the logarithm of labor earnings and the net-of-tax rate is instrumented with an interaction between indicators of
treatment status and tax-free year. The middle row presents results from a reduced-form DD
estimation of equation (3), where the outcome variable is the logarithm of labor earnings. The
bottom row presents results from a first-stage DD estimation of equation (3), where the outcome variable is the logarithm of one minus the marginal tax rate. "Match-strata Fixed Effects"
refers to group fixed effects, where each group is a cell used in coarsened exact matching on
age, gender and pre-treatment marital status, the number of children, education, location indicator and percentile of income. Occupation and sector fixed effects are group dummies for
occupation and sector groups. The number of matched observations corresponds to observations for the treatment group. Robust standard errors clustered at the match-strata level are in
parentheses. *** p†0.01, ** p†0.05, * p†0.1
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Table 5: Life-Cycle-DD: Effect of a Tax-Free Year on Weeks Worked
(1)
3.014***
(0.345)

(2)
2.740***
(0.339)

(3)
2.469***
(0.325)

First stage estimate pd logp1 ´ ⌧ qq

0.670***
(0.077)
0.209***
(0.002)

0.609***
(0.075)
0.209***
(0.002)

0.555***
(0.073)
0.209***
(0.002)

Mean dependent variable
Match-strata fixed effects
Individual fixed effects
Occupation fixed effects
Sector fixed effects
Number of matched observations

38.37
Yes
No
No
No
537,774

38.37
Yes
No
Yes
Yes
537,774

38.37
No
Yes
No
No
536,369

dy
2SLS DD estimate ( d logp1´⌧
q)

Reduced form estimate pdyq

Notes: The table presents results from difference-in-differences (DD) regressions, where each
row and column entry corresponds to one regression estimate. The top row presents results
from a 2SLS estimation of equation (4), where the dependent variable is total weeks worked
and the net-of-tax rate is instrumented with an interaction between indicators of treatment
status and tax-free year. The middle row presents results from a reduced-form DD estimation
of equation (3), where the outcome variable is total weeks worked. The bottom row presents
results from a first-stage DD estimation of equation (3), where the outcome variable is the
logarithm of one minus the marginal tax rate. "Match-strata Fixed Effects" refers to group
fixed effects, where each group is a cell used in coarsened exact matching on age, gender and
pre-treatment marital status, number of children, education, location indicator and percentile
of income. Occupation and sector fixed effects are group dummies for occupation and sector
groups. The number of matched observations corresponds to observations for the treatment
group. Robust standard errors clustered at the match-strata level are in parentheses. *** p†0.01,
** p†0.05, * p†0.1

Table 6: Life-Cycle-DD: Effect of a Tax-Free Year on Employment
(1)
0.068***
(0.013)

(2)
0.058***
(0.014)

First stage estimate pd logp1 ´ ⌧ a qq

0.008***
(0.001)
0.110***
(0.001)

0.006***
(0.001)
0.110***
(0.001)

Mean dependent variable
Match-strata fixed effects
Individual fixed effects
Number of matched observations

0.672
Yes
No
587,332

0.672
No
Yes
586,321

dP
2SLS DD estimate ( d logp1´⌧
aq )

Reduced form estimate pdP q

Notes: The table presents results from difference-in-differences (DD) regressions, where each row and column
entry corresponds to one regression estimate. The top row presents results from a 2SLS estimation of equation (4), where the dependent variable is total weeks worked and the net-of-tax rate is instrumented with an
interaction between indicators of treatment status and tax-free year. The middle row presents results from a
reduced-form DD estimation of equation (3), where the outcome variable is total weeks worked. The bottom
row presents results from a first-stage DD estimation of equation (3), where the outcome variable is the logarithm of one minus the marginal tax rate. "Match-strata Fixed Effects" refers to group fixed effects, where each
group is a cell used in coarsened exact matching on age, gender and pre-treatment marital status, the number of children, education, location indicator and percentile of income. Occupation and sector fixed effects are
group dummies for occupation and sector groups. The number of matched observations corresponds to observations for the treatment group. Robust standard errors clustered at the match-strata level are in parentheses.
*** p†0.01, ** p†0.05, * p†0.1
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Table 7: Triple-Differences Estimation: Earnings, Weeks and Employment
Earnings
(1)
0.431***
(0.008)

Weeks
(2)
2.439***
(0.291)

Employment
(3)
-0.007
(0.004)

First stage estimate

0.144***
(0.003)
0.335***
(0.002)

0.816***
(0.098)
0.335***
((0.002))

-0.002
(0.001)
0.335***
((0.002))

Mean dependent variable
Match-strata fixed effects
Number of matched observations

–
Yes
398,033

48.85
Yes
390,959

0.917
Yes
401,491

2SLS DD estimate
Reduced form estimate

Notes: The table presents results from difference-in-differences (DD) regressions, where each row and
column entry corresponds to one regression estimate. The top row presents results from a 2SLS estimation
of equation (4), where the dependent variable is the logarithm of labor earnings and the net-of-tax rate
is instrumented with an interaction between indicators of treatment status and tax-free year. The middle
row presents results from a reduced-form DD estimation of equation (3), where the outcome variable
is the logarithm of labor earnings. The bottom row presents results from a first-stage DD estimation of
equation (3), where the outcome variable is the logarithm of one minus the marginal tax rate. "Matchstrata Fixed Effects" refers to group fixed effects, where each group is a cell used in coarsened exact
matching on age, gender and pre-treatment marital status, the number of children, education, location
indicator and percentile of income. Occupation and sector fixed effects are group dummies for occupation
and sector groups. The robust standard errors clustered at the match-strata level are in parentheses. ***
p†0.01, ** p†0.05, * p†0.1

Table 8: Heterogeneous Labor Supply Responses by Flexibility of Employment Arrangement
Temporal flexibility

Constrained in
in primary job

Low
(1)

High
(2)

2SLS DD estimate

0.556***
(0.017)

0.842***
(0.035)

0.451***
(0.009)

2SLS DD estimate

6.630***
(0.493)

5.368***
(0.873)

52.79

36.13

Mean weeks pre reform

Yes
No
(3)
(4)
A. Labor Earnings

Hours flexibility
Low
(5)

High
(6)

0.641***
(0.016)

0.642***
(0.019)

0.946***
(0.028)

B. Weeks Worked
4.692*** 3.947***
(0.319)
(0.500)

9.936***
(0.639)

1.087*
(0.599)

53.05

40.73

53.05

42.01

Notes: The table presents results from a 2SLS estimation of equation (4), where each row and column entry corresponds to one regression estimate. The dependent variable is indicated above each panel. Estimates by subgroups
are obtained by interacting group indicators with the log of net-of-tax rate and the instrument in regression (4).
Temporal flexibility splits the sample by a measure of relative variability in weeks worked within an occupation; see
the main text for details. “Low” flexibility refers to workers in the bottom quartile of the distribution over the job
flexibility measure, but “High” refers to the top quartile. “Constrained in primary job” is an indicator that equals
one (“Yes”) if working 52 weeks in the primary job in the prior year, but zero (“No”) for those working between 26
and 51 weeks in the previous year. Hours flexibility splits the sample by occupations based on the share of workers with fixed-salary contracts, where “Low” share refers to occupations where less than 5% of the workers have
a fixed salary and “High” share refers to occupations where more than 15% are salaried. All regressions include
match-strata fixed effects, which are the cells used in coarsened exact matching on age, gender and pre-treatment
marital status, the number of children, education, location indicator and percentile of income. Robust standard
errors clustered at the match-strata level are in parentheses. *** p†0.01, ** p†0.05, * p†0.1
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Table 9: Cross-Elasticities of Earned Income: Husbands and Wives
All

Children age 0-6

(1)

(2)

0
(3)

Cross-elasticity

-0.172***
(0.022)

-0.150***
(0.022)

-0.121***
(0.037)

-0.206***
(0.028)

IHS(spouse income)

–
–
223,919

-0.015***
(0.001)
223,919

–
–

–
–

Observations

•1
60 †
(4)
(5)
Husbands

223,919

Constrained in
primary job

Age
• 60
(6)

Yes
(7)

No
(8)

-0.193***
(0.024)

-0.044
(0.051)

-0.199***
(0.053)

-0.088*
(0.045)

–
–

–
–

–
–

–
–

223,919

223,919

Wives
Cross-elasticity

0.025
(0.054)

0.014
(0.053)

0.042
(0.080)

0.006
(0.065)

0.014
(0.059)

0.082
(0.103)

-0.184
(0.112)

0.208*
(0.109)

IHS(spouse income)

–
–
102,283

0.032***
(0.009)
102,283

–
–

–
–

–
–

–
–

–
–

–
–

Observations

102,283

102,283

102,283

Notes: The table presents estimates of the earnings elasticity of married and cohabiting individuals to their spouse’s net-of-tax rate. Crosselasticities are estimated using the 2SLS estimation of the following modification of equation (2):
yit “ bracketi,t´1 `

t

spouse
cross
` "own ¨ logp1 ´ ⌧it q ` bracketspouse
¨ logp1 ´ ⌧it
q ` X 1it ` ⌫it
i,t´1 ` "

where the dependent variable is the logarithm of the individual’s labor earnings and the two endogenous variables, the individual’s log
net-of-tax rate and his spouse’s log net-of-tax rate, are instrumented with an interaction between indicators of treatment status and the
tax-free year for the individual and his spouse separately. The coefficient "cross identifies the cross-elasticity. Estimates by subgroups
are obtained by interacting group indicators with the log of the net-of-tax rate of the individual and his spouse as well as the respective
instrumental variables. “Constrained in primary job” is an indicator that equals one (“Yes”) if working 52 weeks in a primary job pre-reform.
All regressions control for age, education, whether living in the capital area or not and the number of children at age 0-18. Column (2)
includes the inverse hyperbolic sin (IHS) function of spouse’s income, instead of in logs, to account for the possibility of the spouse’s
income being zero. Robust standard errors clustered by individual in parentheses. *** p†0.01, ** p†0.05, * p†0.1
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