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The static structural discrete choice labor supply model continues to be a workhorse in the process of policy-
making, extensively used by policy-makers to predict labor supply effects of changes in the personal income tax
system. A widely used alternative to obtain estimates of individual tax responsiveness is to exploit the diversity
of tax treatment generated by a tax reform to recover tax induced outcome differences in data. Response estimates
obtained from analysis of tax reforms are less useful for describing effects of prospective policies, but represent an
underexploited source of information for out-of-sample validation of labor supply models. The present study de-
scribes how estimates of responses inworking hours and income, generated from a tax reform, can be used to val-
idate a discrete choice labor supply model; thus, bringing together and providing guidance to how results of two
main avenues of obtaining estimates of tax responsiveness can be compared and interpreted.We find that the dis-
crete choice model used by Norwegian policy-makers performs well as measured by this type of validation.

© 2015 Elsevier B.V. All rights reserved.
1. Introduction

Some institutions, such as the Joint Committee on Taxation (U.S.),
the Institute for Fiscal Studies (U.K.), and the Research Department of
Statistics Norway, are expected to deliver empirical estimates of labor
supply effects to the decision-makers in their respective countries. The
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application of certain modeling tools is often a prerequisite for this,
and the structural static labor supply model represents a practical alter-
native for predicting effects of tax changes on the labormarket behavior
of income earners. Based on cross-sectional observations of households'
and individuals' consumption and connections to the labormarket (typ-
ically working hours), labor supply models can be estimated and then
used in the policy-making process for simulations of short term labor
market effects of prospective changes in the tax system.

In the category of structural labor supplymodeling approaches, the dis-
crete choice model of labor supply based on the random utility modeling
approach (van Soest, 1995) stands out, as it has gained widespread popu-
larity among public finance practitioners (Creedy and Kalb, 2005). For ex-
ample, Norwegian decision-makers have access to a discrete choice labor
supply model through the model system LOTTE (Aasness et al., 2007).

However, concerns have been raised about the ability of structural
models to generate robust predictions about the effects of policy chang-
es, see for example LaLonde (1986) and Imbens (2010). As models may
be too stylized ormay suffer frommisspecification, predictions of effects
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1 There are studies accounting for interrelationships betweenwages and preferences in
the estimation of the model, see for example Moffitt (1984) and Blundell and Shephard
(2012). Dagsvik and Jia (forthcoming) discuss identification issues in a settingwhen there
is unobserved heterogeneity in thewage equation andwhere tax-payers have preferences
for jobs (which is a reasonable extension of the standard discrete choice model if one
would like to accommodate for effects through wages). Another approach is to let the
wage be determined by a suitable “after-model” to account for general equilibrium effects
on wages, see Creedy and Duncan (2005) and Peichl and Siegloch (2012).

2 It can be argued that the discrete choice version of structural modeling is amore prac-
tical method than the conventional continuous approach, based onmarginal calculus. The
structural labor supply model associated with Hausman (Hausman, 1985) becomes very
complicated when more general and flexible model specifications are used, see Bloemen
and Kapteyn (2008).
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of counterfactual policy alternatives are not always trustworthy. The use
of predictions from structuralmodels as input to the policy-making pro-
cess is therefore disputed, and the policy analystmay resort to providing
alternative and less detailed information about tax responsiveness,
such as tax response estimates obtained from studies using quasi-
experimental econometric designs. In the present study we argue that
instead of dismissing the structural labor supply model approach as a
tool for policy-making completely, more effort should be put into qual-
ifying models through validation. In this perspective, results from ex-
periments serve as useful information sources for validation of
prediction models (Blundell, 2006; Keane, 2010a).

Models shouldbe assessedwith respect to realismand reasonability of
assumptions. As for model performance, the researcher usually does not
have much information apart from goodness-of-fit measures. Such evi-
dence is valuable, but insufficient, and a key test ofmodel validity is to ex-
amine howwell themodel predicts out-of-sample labor supply behavior.

There are several alternatives for out-of-sample validations of the
discrete choice model. Mechanical use of experimental sources for vali-
dation is problematic, as they are informative about the combined im-
pact of the policy change in question and other effects, such as
contemporaneous changes in the tax and benefit and welfare systems
and the business cycle. In this perspective, the so-called elasticity of tax-
able income approach (the ETI approach), or interchangeably labeled
the new tax responsiveness literature (the NTR approach), represents
a promising alternative for use in external validations, as it denotes a
well-established procedure to rinse out the effects of taxes. Studies of
the large and growing ETI/NTR literature exploit that tax reforms gener-
ate net-of-tax rate changes along the income scale, often resulting in
substantial tax changes for some tax-payers, whereas others are more
or less unaffected. Taxable income is used as the main measure of out-
come in this literature, as it in principle captures all the public policy rel-
evant behavioral responses of a reform (hours worked, effort, tax
avoidance and evasion, change of job, etc). The review of this literature
in Saez et al. (2012) clearly reveals that this has been a fertile field of re-
search in recent decades, even though there are well-known methodo-
logical complications involved.

Here we suggest using the ETI/NTR approach to validate the discrete
choice labor supply model. However, in the validation we shall use
estimates of responses in working hours and earned income, and not
responses in total taxable income. As for the terminology, the use of the
acronym ETI for “elasticity of taxable income approach”may therefore be
less suitable in the present context. To maintain that we use exactly the
same techniques as studies under the ETI label, but to avoid the potential
distraction that comes from the reference to “taxable income”, we will
employ the other term which we see used for the labeling of this type of
study: the NTR approach, an expression introduced by Goolsbee (1999).

Thus, results of probably the two most used sources of information
on tax responsiveness are brought together in the present study: simu-
lation results from the discrete choice labor supply model, estimated on
a single cross-section of data, and estimates obtained from analysis of
panel data, where tax reforms are used for identification (hereafter re-
ferred to as the NTR approach). Estimates from “natural experiments”
have limited value in a prediction context (less external validity), be-
cause they rely on a particular reform for identification, and parameters
are therefore not usually policy invariant, but the NTR approach repre-
sents a powerful and underexploited tool in a validation context. Of
course, this exercise cannot prove the model “correct”, but is helpful
in detecting misspecified models.

Themain contributionof thepresent study is to showhowresults of the
two techniques can be understood and utilized in a validation context. We
use a large dataset for Norwegian wage earners, based on administrative
registers, and exploit the tax changes due to the Norwegian tax reform
of 2006 to obtain two sets of tax response estimates for wage earners
(separately for single females, single males, and females and males in
couples): one set of NTR elasticities for working hours and one set for
earned income. Then the discrete choice labor supply model is estimated
on the same data, and results frommodel simulations of the 2006-reform
are recalculated into NTR elasticities for working hours. The description of
the conversion of results from the random utility discrete choice model
into NTR results is a key contribution of the paper.

Anothermain contribution of the paper comes fromhaving access to
panel data information for both working hours and earned income,
which means that we are able to elaborate upon key characteristics of
the discrete choice model in a validation perspective. The conventional
discrete choicemodel (van Soest, 1995) implies that the individual spe-
cific wage is kept fixed in the transition from pre-reform to post-reform
tax schedules. In contrast, in the standard NTR approach, which focuses
on responses in income, one may also see responses in wages (in addi-
tion to changes in hours of work), as individuals may react to a tax
change by finding a new job, take on other tasks in the present job, or
change behavior in the wage bargaining, etc., see Feldstein (1995).
Thus, if we observe substantially larger NTR responses in earned income
than inworking hours, thatmay call for othermodeling tools. One could
think of allowing for specific relationships between working hours and
wage rates in the model simulations, but we are not aware of any sim-
ulation model, with a similar design as ours, that allows for individual
effort responses or includes a specific tied relationship between work-
ing hours and wage rates in the simulations.1

Moreover, and related to the question of different margins of
tax response, a discussion of the relationship between responses in
earnings and working hours is also useful for future validation practice,
in that it provides guidance on the use of income information alone in a
validation exercise like the present one. Large register-based datasets
on income are now commonly more accessible for the analyst than
data on hours of work in the Nordic countries and in several other
countries (UN, 2007).

The paper is organized as follows. In Section 2 we present the two
methodological approaches for obtaining tax response estimates,
whereas Section 3 presents some studies of the validation literature.
Section 4 describes the data sources we have utilized in this study,
gives a brief overview over the tax reform of 2006, and shows prelimi-
nary data descriptions, given the main characteristics of the reform
and their expected implications for income patterns. In Section 5 we
present the results of the validation exercise, and Section 6 concludes
the paper.
2. Two approaches to obtain estimates of short term
tax responsiveness

A whole range of different tax response estimates can be found in
the labor supply literature, reflecting inter alia different theoretical
models andmethodological approaches. In the present analysis, we dis-
cuss evidence from twowell-known static approaches to produce short
term measures of tax responsiveness: tax simulation based on a struc-
tural discrete choice labor supply model, and reduced-form estimation
exploiting differential changes in tax treatment following from tax re-
forms. Given that estimation of structural labor supply models often in-
volves severe econometric challenges,2 see reviews in Blundell and



5 Quadratic or translog functional forms for the systematic part of the utility function
have also been used in several applications, see, e.g., van Soest (1995). One advantage of
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MaCurdy (1999), Kniesner and Ziliak (2008), Meghir and Phillips
(2010) and Keane (2011), the NTR approach, involving standard panel
data techniques, may represent a more convenient empirical approach
for the practitioner of public finance. However, NTR estimates are not
usually invariant to the policy change that have been used to estimate
them (Blundell and MaCurdy, 1999; Heckman and Vytlacil, 2005;
Chetty, 2009), and cannot replace a well-behaving structural model in
a (general) prediction context. But the NTR approach provides impor-
tant and underexploited information for out-of-sample validation of
structural labor supply models, as also argued by Blundell (2006;
2012) and Keane (2010a).

In this section, we present main characteristics of the two methods
of deriving individual tax response estimates. First, a discrete choice
labor supply model is presented, and then we describe how tax re-
sponse estimates can be derived when making use of individual panel
data over a reform period.

2.1. The discrete choice labor supply model

Discrete choice models of labor supply, based on the random
utility modeling approach, have gained widespread popularity,3

mainly because they are much more practical than the conventional
continuous approach based on marginal calculus; see Creedy and
Kalb (2005) for a survey of the literature and van Soest (1995),
Duncan and Giles (1996), Bingley and Walker (1997), Blundell
et al. (2000), Van Soest et al. (2002), Haan and Steiner (2005),
Creedy et al. (2006), Labeaga et al. (2008), and Blundell and
Shephard (2012) for applications.With the discrete choice approach,
it is easy to deal with nonlinear and nonconvex economic budget
constraints, and to apply rather general functional forms of the
utility representation.

With particular distributional assumptions about the stochastic
disturbances in the utility function one can derive tractable expres-
sions for the distribution of hours of work, such as the multinomial
logit model or the nested multinomial logit model. The maximiza-
tion problem for a person in a single-individual household can be
seen as choosing between bundles of consumption (C) and leisure
(L), subject to a budget constraint, C = f(hw, I), where h is hours of
work, w is the wage rate, I is non-labor income, C is (real) disposable
income and f(⋅) is the function that transforms gross income into
after-tax household income.

The utility function of the household is assumed to be additively
separable,U(C, h)= ν(C, h)+ ε(C, h), where ν(⋅) is a positive determin-
istic function and ε the random unobserved components for individual i
and choice j (subscripts are suppressed in the equations). We assume
that the random components are i.i.d. extreme value distributed with
c.d.f. exp(exp(−x)) for positive x, which implies independence of irrel-
evant alternatives (IIA). The strict IIA assumption can be weakened,
however, by allowing for random effects in utility parameters or in rela-
tion to the wage rate.4

Let ν(⋅) be the representative utility of jobs with hours of work h,
a given individual specific wage rate w, and non-labor income I. By
applying standard results in discrete choice theory (McFadden, 1984),
it follows that the probability that the agent will choose working
hours h can be expressed as

P hð Þ ¼ exp v f hw; Ið Þ;hð Þ
exp v f hw; Ið Þ;0ð Þ þ

X
h∈D

exp v f hw; Ið Þ; hð Þ : ð2:1Þ
3 Despite its popularity among practitioners of labor supply analysis, less attention is
devoted to this framework in recent reviews of the literature. Keane (2011), for example,
essentially ignores the (static) discrete choice approach to labor supply altogether.

4 We replace thewage rate by awage equation that includes a stochastic error term, and
thus a mixed multinomial logit model follows, see McFadden and Train (2000) and Haan
(2006).
We see different specifications of the deterministic part in the
literature.5 Here, we use a flexible Box-Cox functional form specification,

vðC;hÞ ¼ α0
ðC−C0Þα1−1

α1
þ ðβ0 þ γZÞ ðh−hÞβ1−1

β1
, where C measures the

household-adjusted consumption level, constructed by dividing the cou-
ple or individual's disposable income by

ffiffiffiffi
N

p
, where N is the number of

individuals in the household (including children under 18). An addition-
al interaction term between consumption and leisure has negligible ef-
fect and is dropped. C0 represents the minimum or subsistence
household-adjusted consumption level, here set to 60,000 Norwegian

kroner (NOK), or approximately 8900 US dollars/ 7200 Euros.6 h is de-

fined as 80 hours per week and h is working hours per week, so that ðh−
hÞ measures leisure time. Z is a vector of taste-modifying variables, in-
cluding age and number of children.

To improve the fit to data, researchers often have resorted to
specifications where the systematic term of the utility function has
been modified by introducing alternative specific constant terms,
see van Soest (1995). This can for instance be rationalized by a
model set-up where individuals have preferences over jobs while
allowing for certain restrictions in the choice set (Aaberge et al.,
1995; Aaberge et al., 1999; Dagsvik and Strøm, 2006; Dagsvik et al.,
2014,), in which the representative utility terms, ν(⋅), or rather
exp ν(⋅), are weighted by the frequencies of available jobs, m(h).
See Appendix A for a more detailed exposition of this model. At this
stage, note that the empirical specification of this (latent) job choice
model is similar to the model of van Soest (1995); it provides a ratio-
nalization for the dummy variables which in practice usually are
added to the systematic part of the utility function.

Note that for any reasonable functional form one can obtain a
perfect fit to cross-sectional data by choosing a sufficiently flexible
specification, see also Train (2009) and Haan (2006). To achieve
identification it is usually assumed that, after controlling for some
individual characteristics, the parameters are constant across the
population.7 There are additional complications with respect to
identification following from the job choice specification, which are
further discussed in Dagsvik et al. (2014) and Dagsvik and Jia
(forthcoming).

This modeling approach is utilized in the labor supply module of the
Norwegian micro simulation model system LOTTE (Aasness et al.,
2007), a collection of models which are extensively used by policy-
makers. The so-called LOTTE-Arbeid model is estimated on data from
the Labour Force Survey; a general documentation of this data source
can be found in Statistics Norway (2003). However, the model we
shall validate in the following is instead estimated on data from the
Wage Statistics (Statistics Norway, 2006), which is a much larger
panel data set based on administrative registers, see more detailed
data description in Section 4. Themain reason for using this data source
in the present discussion is that the panel dimension of theWage Statis-
tics implies thatwe can useNTRpanel data techniques on the samedata
set, which is obviously advantageous from a validation perspective.

Appendix A presents estimation results for single males, single
females, and, separately, for males and females in couple (married/
cohabiting). They are utilized in the simulation of labor supply re-
sponses to the Norwegian tax reform of 2006, presented in Section 5.
the Box-Cox functional form is that it is globally monotone in consumption and leisure;
see Dagsvik et al. (2014) for a discussion of this issue. In practice, the choice of functional
form seems to have little impact on results.

6 We use exchange rates of oneUS dollar for 6.74 Norwegian kroner (NOK) and one Eu-
ro for 8.37 NOK; both refer to average exchange rates in 2004.

7 There are additional complications with respect to identification following from the
job choice specification, which are further discussed in Dagsvik et al. (2014) and Dagsvik
and Jia (forthcoming).
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Given the ambition to use the NTR method in an out-of-sample
validation of model simulation results, we sum up some of the
main features of the discrete choice labor supply model, which may
prove important in the comparison. Firstly, given our partial ap-
proach, there is no wage response when altering the tax schedule.
As we here provide information on NTR approach responses in
both working hours and income, we shall return to the “fixed
wage” assumption.

Secondly, we note that thewhole tax function enters into the budget
constraint of our labor supply model, which makes it easy to deal with
nonlinear and nonconvex budgets. As we will soon see, the NTR ap-
proach is based on more conventional marginal criteria.

Thirdly, it is important to be aware of that the random utility
model foundation differs from the reasoning behind identification
in the NTR approach. In the simulation of responses to tax changes
in the discrete choice model one accounts for both the deterministic
part and the unobservables, with error terms drawn from the rele-
vant distribution. Here, responses are calculated at the individual
level, keeping random error terms constant before and after the
policy change, and then recalculated into overall responses by taking
averages.8

Fourthly, as the model is nonlinear, responses differ substantially
along the income scale and show strong dependence on the actual pol-
icy change involved. Given that we use a particular tax change in the
validation of the model (the 2006 tax reform), this feature of the
model is highlighted by the present analysis.
2.2. Response identification according to the new tax responsiveness
literature

The NTR literature looks at changes to taxable income or gross
income rather than hours of work or earned income, to seize all the
policy relevant behavioral adjustments. After initial contributions by
Lindsey (1987) and Feldstein (1995), the NTR framework has been
utilized to obtain tax responses from tax reforms in a number of
countries9; Saez et al. (2012) provide a survey of the literature. Most
studies present (uncompensated) net-of-tax rate elasticities for taxable
income or gross income, which reflect a range of intensive margin10

responses to the tax reform under study. Therefore, almost by defini-
tion, there are fewer NTR studies using earned income and working
hours as dependent variables. However, Singleton (2011), Kleven and
Schultz (2014) and Gelber (2014) are examples of studies using the
NTR technique on responses in earned income, whereas Moffitt and
Wilhelm (2000) discuss responses in working hours in a NTR setting.
There is a closely related literature using tax reforms and quasi-
experimental identification techniques, see for example Eissa and
Liebman (1996) and Eissa and Hoynes (2006).11
8 This means that we assume that the random error terms that represent the effect of
unobservables in preferences change very slowly, and a reasonable approximization is
therefore to assume that they are constant over the period under consideration. The sim-
ulation procedure of Creedy and Kalb (2005) is an alternative: based on a specific drawing
procedure each individual's pre-reform and post-reform probability distributions are de-
termined and forms the basis for calculating averagemeasures, before and after the policy
change. Theprocedure seen inKornstad and Thoresen (2006)uses the sample information
onprobabilities, ignoring individual level information about error terms, which can be jus-
tified by assuming that error terms are unknown to the agents themselves. See also Dun-
can and Weeks (2000).

9 Two influential studies using US data are Auten and Carroll (1999) and Gruber and
Saez (2002). Aarbu and Thoresen (2001) is a previous study using Norwegian data (tax
changes according to the 1992 tax reform).
10 As income growth is the dependent variable, extensive margin effects are usually not
considered in the NTR literature.
11 Not to mention the extensive literature which uses other “experiments” (not tax re-
forms) to identify policy effects on working hours, see, for example, the references in
Angrist and Pischke (2009).
We have recently seen discussions in the literature concerning the
advantages of structural modeling versus results derived from quasi-
experimental research designs. See, for instance, Chetty (2009),
Angrist and Pischke (2010), Deaton (2010), Heckman (2010),
Heckman and Urzua (2010), Imbens (2010), and Keane (2010a;
2010b). As Chetty (2009) emphasizes, the NTR methodology is not
easy to place in relation to the two stereotype classifications, since it
shares important characteristics with both strands of the literature.12

For instance, like structural models, the NTR framework departs from
an underlying utility-maximizing behavior and produces precise state-
ments about welfare implications. The identification strategy has, how-
ever, important similarities with experimental studies, as tax reforms
are used for the identification of the parameter of interest.

The approach taken in much of the NTR literature departs from an
underlying utility-maximizing behavior similar to that seen in the stan-
dard labor supply literature above (Feldstein, 1999; Blomquist and
Selin, 2010; Saez et al., 2012). Individuals are assumed to maximize a
utility function that increases in consumption (C) and decreases in tax-
able income (q), subject to a budget constraint described by C = (1 −
τ)q+ R, where τ is the marginal tax rate (which applies to a linear seg-
ment of the tax schedule), and R is virtual income. Accordingly, the
“supply function” of taxable income is estimated as a function of the
marginal tax rate and virtual income. The formulation thus suggests a
closer relationship to the part of the structural labor supply literature
that is based on estimation of a continuous labor supply function with
a piecewise-linear budget constraint, as in Burtless and Hausman
(1978), and Hausman (1985).

Panel data covering a period of net-of-tax rate variation across indi-
viduals and across time (often covering a tax reform) have been the
main data source for the identification of responses in the empirical
framework of the NTR approach. Taxable income for individual i at
time t, qit, is explained by a time-specific constant, κt, the net-of-tax
rate, log(1 − τit), unobserved heterogeneity μi and the remaining iid
error term, ξit,

log qit ¼ κ t þ λ log 1−τitð Þ þ μ i þ ξit: ð2:2Þ

The basic framework for identification in the NTR literature consists
of various estimations of a first-differenced version of Eq. (2.2), using
panel data for two periods,13

Δ log qi ¼ κ þ λΔ log 1−τið Þ þ Δξi: ð2:3Þ

The coefficient of interest, λ, measures the elasticity of income with

respect to changes in the net-of-tax rate defined as 1−τ
q

∂q
∂ð1−τÞ. The reli-

ability of results depends on carefully framed empirical designs for the
identification of the key parameter, including controls for individual
characteristics that might affect income growth. One obvious identifica-
tion challenge (w.r.t. λ) has been the endogeneity of the tax rate, which
has led to the estimation of Eq. (2.3) using IV techniques. For instance,
Feldstein (1995) employs the difference-in-differences estimator, and
let the change in the net-of-tax rates and the allocation into groups
(groups more or less treated by the US tax reform of 1986) be deter-
mined by pre-reform income levels. Many post-Feldstein studies em-
ploy a closely related exclusion restriction, namely the change in net-
of-tax rates based on a fixed first period income as instrument in an IV
12 Chetty therefore introduces a third class, the “sufficient statistic” category, which
covers studies thatmakepredictions aboutwelfarewithout estimating or specifying struc-
tural models.
13 Repeated cross-sections can also be used in the estimation of this model, for example
by addressing information on groups of tax-payers, before and after a reform. See
Holmlund and Söderström (2011) and Vattø (2014) for studies introducing dynamics in
the model specification.
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regression; see Auten and Carroll (1999) and Gruber and Saez (2002).
Thus, the NTR literature is related to methods commonly used in the
“experimentalist” or “programevaluation” literature. However, the con-
ventional identification technique of the NTR literature implies that one
is far from an ideal randomized trial situation.

The estimated elasticity can be interpreted as the average treatment
effect of the treated. In otherwords, ifwe let a parameter δ be a zero-one
indication of being treated (experiencing net-of-tax rates changes, or
not),14we identify E(λ|δit=1). This parameter is subject to convention-
al sample selection biases and cannot in general be used to simulate pol-
icy responses (Blundell and MaCurdy, 1999).15 However, as we shall
see, the method is useful in order to deliver tax response estimates to
be used in a validation of a structural model.
3. Previous validation studies

Model evaluations should include assessments in terms of model re-
alism and reasonability of assumption, in addition to goodness of fit
tests; on the latter, see, for example Train (2009). Some of the best
examples of the strength of the structural discrete choice tool for eco-
nomic planning, such as McFadden's predictions of effects of BART
(McFadden, 1977) and the prediction model developed by Todd and
Wolpin (2006) through the PROGRESA project, have obtained their sta-
tus through careful out-of-sample validations. These examples also
clearly show that validation studies benefit from addressing random-
ized social experiments or large regime shifts (Keane and Wolpin,
2007).16

Examples of using quasi-experimental evidence to validate the static
discrete choice labor supplymodel include both explicit validation stud-
ies and studies which discuss effects of policies with different method-
ologies and where the validation of the structural model therefore
follows more indirectly. Hansen and Liu (2015) have clear validation
ambitions and use a regression discontinuity approach to discuss the
performance of a discrete choicemodel of labor supply andwelfare par-
ticipation for single Canadian men. They find model prediction results
that are close to the regression discontinuity estimates. Blundell et al.
(2008) discuss the standard assumption of the canonical labor supply
model of flexible choices over hours of work. They show that adjust-
ments in hours of work are made primarily by movements between
jobs, and that responses in wages are small and overall not statistically
significant. Thus, this evidence supports a labor supply model adaption
with flexible hours of work and a fixed wage assumption, as implied by
the model presented in Section 2. Another example of validation of the
discrete choice labor supply model is seen in Dagsvik et al. (2014),
where the performance of the model is assessed by replications of
out-of-sample income distributions.

Blundell (2006), Brewer et al. (2006), Cai et al. (2008), Geyer et al.
(2015) and Pronzato (2015) are examples of studieswhich use both ex-
perimental evidence and results of structural labor supply model simu-
lations when discussing effects of policy changes. Blundell (2006)
simulates the effect of theWorking Families' Tax Credit (WFTC) reform
in the UK, and use a matching differences-in-differences technique
(comparison of outcomes for single women eligible to the support
with single women not eligible) to obtain results for validation of the
model. Then significance tests on the differences between results of
the two methods are calculated to qualify that the model predictions
do not deviate too much from the experimental evidence. Similar to
Blundell (2006), Brewer et al. (2006) denote the difficulties involved
when using results of ex-post studies to validate the structural model
14 The Norwegian tax reform of 2006 can be given a dichotomous representation.
15 The estimated elasticities can only be used to simulate hypothetical tax reforms under
the assumption that the elasticity is constant over the income distribution,which is clearly
not consistent with findings from the structural labor supply literature.
16 Laboratory experiments can (of course) also be used to validate economicmodels, see
Bajari and Hortacsu (2005).
predictions of effects of theWFTC. Ex-post validations reflect combined
impact of the WFTC and contemporaneous changes in the tax-benefit
and welfare systems affecting families with children. Correspondingly,
one finds substantial variation in the estimates of the WFTC reform in
different studies using experimental design, most likely because of dif-
ferences between studies in the choice of time periods, specifications,
etc.

Both Cai et al. (2008) and Pronzato (2015) discuss policy changes
and effects on the labor supply of lone parents, for Australia and
Norway, respectively. When finding some differences between the
model simulation results and the quasi-experimental evaluation in the
short term, Cai et al. point to adjustment sluggishness as a potential ex-
planation. In Geyer et al. (2015) the complementary methods are first
used to obtain estimates of effects on employment of a parental leave
reform, and then in a second step, the structural labor supply model is
used to simulate the combined effect of universal child care and the pa-
rental leave reform. This procedure is endorsed by the structural model
showing good performance, as found by the evaluation in the first step.

4. Data sources and introductory data descriptions

Before we in the next section probe deeper into the validation of the
structural model, we shall in this section provide some preliminary de-
scriptive evidence, given the tax reform used for identifying the NTR re-
sponse estimates. We therefore first present the Norwegian tax reform
of 2006, and then describe the data sources that we have used together
with some introductory statistics.

4.1. Reductions in marginal tax rates as a result of the tax reform of 2006

Norway has a “dual income tax” system, enacted through the 1992 tax
reform, which consists of a combination of a low proportional tax rate on
capital income andprogressive tax rates on labor income. The systempro-
liferated in the Nordic countries in the early 1990s. The Norwegian ver-
sion had a flat 28% tax rate levied on corporate income, capital income
and labor income coupledwith aprogressive surtax applicable to labor in-
come. The gapbetweenmarginal tax rates on capital income andwage in-
come was problematic, and the schedule was reformed in 2006 in order
to narrow the differences, by introducing shareholder income tax, and,
most importantly in the present context, by cutting marginal tax rates
on labor income.

The tax reformwas gradually implemented in 2005 and 2006. In Fig. 1
we compare schedules for 2004 (pre-reform) and 2007 (post-reform).17

The figure shows the principal features of the Norwegian labor income
tax system: a two-tier surtax that supplements a basic income tax rate
of 28% plus a 7.8% social security contribution. In 2004, the first tier of
the surtax was applied to incomes above NOK354,300 ($52,600/
€42,300) at a rate of 13.5%, and the second tier of 19.5% applied to income
in excess of NOK906,900 ($134,600/€108,400). The reform meant that
the maximummarginal tax rate fell from 55.3% to 47.8%, but became ef-
fective at a lower level. In 2007 this threshold was 620,000 ($92,000/
€74,000), when recalculated into comparable 2004-values.

It is crucial for identification in the NTR approach that individuals are
differently affected by the tax reform. The reform provides a promising
schedule for isolating the tax responses, as there is not a monotone rela-
tion between initial income level and tax treatment.Moreover, twodiffer-
ent tax classes and some regional differences in the tax rates contribute to
variations in treatment, independent of initial income levels.

4.2. Data

We estimate both the discrete choice labor supply model and the
equations of the NTR approach by using a large panel data set, Wage
17 Therewere someminor adjustments in the schedule from2006 to 2007 too,which ex-
plains why we present the 2007-schedule in Fig. 1.



Fig. 1. Reductions in marginal tax rates as a result of the tax reform.
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Statistics (Statistics Norway, 2006), which is based on administrative reg-
istration of employers' reporting of working hours andmonthly wages of
their employees. The statistics are collected from a stratified sample of
Norwegian firms with at least 3–5 employees (depending on industry).
It covers 50–60% of the employees in the private sector and 100% in public
sector. In total, we have information on about 70% of Norwegian wage
earners. The large number of employees included each year implies that
we can utilize the panel dimension of the data source. As we use the
same data set for estimation of the structural model and the (panel
data) NTR equation, the difference in representativity between private
and public sectors is not critical. To estimate the structural model, we
use a cross-sectional sample of a pre-reform year: 2004 is chosen here.
For the NTR approach we exploit the panel dimension to establish a
dataset consisting of overlapping three-year differences (suggested by
Feldstein, 1995), over the period 2000–2008.

Information about annual income, family composition, number of
children, education, etc. is obtained from the Income Statistics for
Persons and Families (Statistics Norway, 2005) and linked to the Wage
Statistics, using unique personal identification numbers. Unemployed,
self-employed, disabled persons and students are not included in the
sample. However, potential wage earners who have chosen not to work
are included in the structuralmodel by drawing observations froma sam-
ple of non-working individuals, obtained from the Income Statistics for
Persons and Families, tomatch upwith the sample of theWage Statistics.
We further limit the sample to persons aged between 25 and 62 years,
and we define a person as non-participating if he or she works less than
one hour per week.

Amain variable of theWage Statistics is contractual working hours, as
reported by the employers. However, in order to approach a measure for
actual working hours, we add imputed overtime hours to the contractual
working hours. Measures for overtime hours are obtained by dividing
monthly overtime payment by individual contractual hourly wage pay-
ment, where the latter is calculated by dividing the contractualwage pay-
ment by monthly contractual working hours.18 With respect to income,
18 This approximization may overestimate the overtime hours if overtime payments are
higher than compensations for contractual hours. However, results presented in Table B.2
in Appendix B suggest that estimates are not influenced by this methodological choice.
information on the yearly labor income from the Income Statistics for Per-
sons and Families is used.

Summary statistics of themain variables are presented in Table 1 for
two periods, pre-reform (2000–2004) and post-reform (2005–2008),
based on approximately 1 million observations each year, over the
time period from 2000 to 2008, see also Table B.1 in Appendix B.
Table 1 shows that there is little change in average working hours
from the first to the second time period.
4.3. Introductory cross-sectional evidence in an experimental perspective

Can we see any signs of the expected effects of the tax reform in
plain data descriptions? Before discussing the results of the NTR panel
data approach, we search for signs of the expected responses to
the tax reform in data, using the repeated cross-sections of the data
material.

As already discussed, the changes of the 2006-reform inmarginal tax
rates primarily came from changes in the surtax schedulewhich kicks in
approximately at the 66th percentile. We therefore compare average
values in two groups of individuals: the 33–66 percentile group and
the 66–100 percentile group. Individuals with low incomes, incomes
below the 33th percentile, are excluded because they are less suitable
for being used in a control group.19 We have calculated net-of-tax
rates, before and after the reform in the two groups, and aligned them
with averages for key outcomevariables:working hours, earned income
and virtual income. In the presentation of results in Table 2, we present
normalized values for both earned income and virtual income, letting
the sample average for each year be normalized to 1.

Table 2 confirms that individuals at higher income levels experi-
enced a larger increase in the net-of-tax rate than tax-payers at lower
income levels. There is a small average reduction inworkinghours (con-
stant average earned income) among individuals in percentile 33–66,
indicating a counterfactual (no reform) trend downward in working
hours, whereas for individuals in percentile 66–100 (who are believed
to be more affected by the lower marginal tax rates) working hours
are constant (earned income increase). Although it follows that there
19 The split at the exact 33th percentile is arbitrary and we discuss the robustness of this
choice in Appendix B.



Table 2
Average values for main variables of the NTR approach for different income groups, before
and after the 2006 tax reform. Standard deviations in parentheses.

Income
percentile
33–66,
pre-reform
(2000–2004)

Income
percentile
33–66,
post-reform
(2006–2008)

Income
percentile
66–100,
pre-reform
(2000–2004)

Income
percentile
66–100,
post-reform
(2006–2008)

Net-of-tax rate
(1 − τ)

0.618 0.631 0.510 0.547
(0.050) (0.030) (0.022) (0.018)

Working hours 36.59 36.29 38.94 38.94
(5.96) (6.31) (6.09) (6.29)

Normalized earned
income

0.98 0.98 1.55 1.61
(0.08) (0.08) (0.57) (0.70)

Normalized virtual
income

0.66 0.69 0.83 0.85
(0.84) (0.66) (1.01) (0.69)

Table 1
Summary statistics for main variables, cross-sections 2000–2008, individuals aged 25–62.
Measures of income and wage rate in Norwegian kroner (NOK).

2000–2004 2005–2008

Mean Std dev Mean Std dev

Contractual working hours 34.0 (7.2) 33.9 (7.4)
Monthly contractual wage income 23,064 (10,012) 27,997 (12,517)
Hourly wage rate (imputed) 159 (54.4) 193 (69.0)
Monthly overtime payment 820 (2261) 1040 (2706)
Total working hours (imputed) 35.2 (8.3) 35.3 (8.5)
Yearly labor income 328,054 (153,708) 406,219 (210,393)

Note: 1 US dollar = 6.74NOK, 1 Euro = 8.37 NOK.
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are some signs of responses in earnings and workings hours when
matching up with the differences in changes in the net-of-tax rate, we
do not observe strong indications of responses to the tax reform by
this simplified approach.20

5. Validations

We now move on to show how simulation results from a discrete
choice labor supply can be turned into NTR estimates and compared
to the panel data NTR results. First, NTR estimates for working hours
and earned income are shown. Then standard elasticity estimates de-
rived from the structural labor supply model are described, before car-
rying out the actual validation, based on labor supply model
simulation results being converted into NTR measures.

5.1. NTR results for working hours and earned income

In the following we closely follow the conventional panel data
approach in the NTR literature, see, e.g., Gruber and Saez (2002). We
stack observations for each three-year difference (2000–2003,
2001–2004,…, 2005–2008) over the period 2000–2008, and add time
invariant explanatory variables as possible explanations for income
growth.21

The estimated equations for working hours and earned income are
basically identical. Here, we present the earned income version. The
equation for hours of work can simply be obtained by replacing the de-
pendent variable with growth in working hours. When reformulating
Eq. (2.3) (see Section 2.2) and adding individual control variables, we
have that three-year differences in (log) labor income, qit, is explained
by a period-specific effect, κt, differences in (log) net-of-tax rate,
1 − τit, and a set of individual control variables, xit,

log
qitþ3

qit

� �
¼ κ t þ λ1 log

1−τitþ3

1−τit

� �
þ xitω þ ξit: ð5:1Þ

The actual marginal tax rate is not immediately available in the data
set, but is constructed by a tax simulation, where incomes are increased
by a small amount (five percent). The change in marginal tax rate
is clearly endogenous, since the marginal tax rate (as a function of
income) is jointly determined with income. In the identification of λ,
similar to several other NTR studies, the tax rate change, log[(1 −
τit + 3(qit + 3))/(1 − τit(qit))], is therefore instrumented by a tax rate
change for a “constant” or inflation-adjusted initial income level,
20 More detailed examination of yearly responses indicates that there is a trend towards
higher incomegrowth for high income earners, with no visible change exact at thepoint in
time where the reform sets in. Moreover, we do not observe individuals experiencing the
largest net-of-tax rates changes by the reform (in the lower part of the surtax range)
responding more strongly, compared to the others in surtax position. We therefore need
amore sophisticated approach to distinguish between tax responses and trends in the dis-
tribution of working hours and earnings, as provided by the NTR framework.
21 In order to allow new tax prices to be absorbed by the agents, as already seen, it has
become standard to use three-year span in data from pre-reform to post-reform. We will
return to a discussion of timing of responses in Section 5.4.
log[(1− τit + 3((1 + b)qit))/(1− τit(qit))], where b corresponds to me-
dian income growth from period t to period t + 3.

The error term in Eq. (5.1) is correlated with first period labor in-
come, qit, for instance because of mean reversion and drifts in the in-
come distribution (Moffitt and Wilhelm, 2000). Mean reversion stems
from individuals with high income in period t, and therefore (mistaken-
ly) placed in the treatment group with large reductions in marginal tax
rates, returning to their normal income levels in period t+ 3, such that
an reduction in incomewill be recorded. To account for themean rever-
sion bias, Auten and Carroll (1999) suggest adding log qit as an addition-
al control variable. As shown in many analyses, Aarbu and Thoresen
(2001) included, this control has substantial influence on tax elasticity
estimates, and it may shift estimates of the change in the net-of-tax
rate from negative to positive. Gruber and Saez (2002) suggest extend-
ing the base period income control technique by including a piecewise
linear function of log qit.22 A similar approach is adapted here by using
a polynomial in first year's income, but we also show results for the lin-
ear mean reversion control (as in Auten and Carroll, 1999).

In the case of working hours, the mean reversion issue might be
somewhat less severe, but it is still clearly visible and should not be ig-
nored. We therefore apply the same techniques as for income, but base
the control on first year's working hours instead of income.

Amain problemof employing rich controls formean reversion based
on first-period information is that identification of the effect of the net-
of-tax rate may become blurred, because the mean reversion control
and the tax change instrument depend on the same variable; see, for in-
stance, Saez et al. (2012). The problem is alleviated by including periods
bothwith andwithout tax changes. The identification also benefits from
having other sources of variation in the tax rate than income alone: two
tax classes (joint and individual taxation) and a separate rate schedule
for people in northern Norway are helpful in this respect.

The polynomial function in the log of first period income is not just a
control for mean reversion effects, it can also be seen as accounting for
changes in the income distribution. For example, a trend toward in-
creasing inequality in income or working hoursmay result in a spurious
correlation between lowered tax rates for high-income individuals and
income growth rates.

The Norwegian tax reform of 2006 reduced the tax advantages
enjoyed by capital income compared to labor income, and it could
therefore result in an income shifting effect where individuals in-
crease their labor earnings at the expense of capital income. See
Thoresen and Alstadsæter (2010) for the measurement of income
shifting when incentives worked in the opposite direction, in the pe-
riod prior to the reform.23 We assume, however, that this type of
22 See also Moffitt and Wilhelm (2000) and Kopczuk (2005) on methods to account for
mean reversion effects in this type of studies.
23 See also Gordon and Slemrod (2000) on income shifting.



Table 3
Estimates of the net-of-tax rate elasticity for working hours and earned income. 2SLS re-
gression results for all wage earners, standard errors in parentheses.

Net-of-tax rate
elasticity,
working hours

Net-of-tax rate
elasticity,
earned income

No controls 0.0214*** −0.1878***
(0.0025) (0.0028)

Add socioeconomic characteristics −0.0017 −0.0090***
(0.0025) (0.0020)

Add log base year hours/income 0.0481*** 0.0221***
(0.0024) (0.0020)

Add polynomial of base year hours/income 0.0380*** 0.0548***
(0.0024) (0.0022)

Number of observations 2,353,603

Note: Socioeconomic characteristics include gender, wealth, age, age squared, married,
number of children under and above the age of 6, newborn, residence in Oslo/ densely
populated areas, non-western origin, years of education and 9 dummies for field of educa-
tion. Linear or polynomial control for base year working hours/labor income is included to
account for mean reversion. All regressions include year dummies.

Table 4
Estimates of the net-of-tax rate elasticity for working hours and earned income. 2SLS re-
gression results for groups of wage earners.

Working hours Earned income

Net-of-tax
rate
elasticity

Std
error

Net-of-tax
rate
elasticity

Std
error

Number of
observations

Single females 0.0324*** (0.0059) 0.0204*** (0.0051) 353,905
Single males 0.0227*** (0.0055) 0.0392*** (0.0054) 450,519
Females, couple 0.0514*** (0.0046) 0.0312*** (0.0045) 680,881
Males, couple 0.0160*** (0.0037) 0.0525*** (0.0034) 1,162,743

Note: All regressions include control variables for wealth, age, age squared,married, num-
ber of children under and above the age of 6, newborn, residence in Oslo/ densely popu-
lated areas, non-western origin, years of education, 9 dummies for field of education
and year dummies. Polynomials of base year working hours or labor income respectively
are used as control for mean reversion.
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income shifting is less important in the present context, as responses
only for employees are considered.

Income effects are often neglected in the NTR literature, under the
assumption that they are close to zero, as found in Gruber and Saez
(2002).Moreover, there is no standardizedmethod of constructing con-
trols for the income effect. In our specifications, we have relied on a
method proposed by Blomquist and Selin (2010) to approach virtual in-
come (see Section 2.2). However, there is a collinearity problem, as the
two excluded instruments for net-of-tax rate and virtual income are
similarly constructed, in particular when categorizing into homogenous
groups of individuals. We have therefore decided to omit the represen-
tation of income effects in the specifications, under the assumption that
we approach the uncompensated effects without them; i.e., they are
small, which our preliminary estimations seem to support, see the re-
sults reported in Table B.5 in Appendix B.24

Individual characteristics are included to control for non-tax-related
income evolution over time or over the lifecycle. xit includes both vari-
ables that change over time, and time-invariant variables whose rela-
tionship to income may have changed over time. We have access to a
number of socio-demographic characteristics, such as age, years of edu-
cation, field of education, marital status, number of children, geograph-
ical location, and area of origin.

Table 3 shows the results of 2SLS estimations of Eq. (5.1) for both
working hours and yearly labor income. Table B.1 in Appendix B pro-
vides descriptive statistics for the variables used in the estimation. Re-
sults are presented for different specifications, adding in additional
control variables sequentially, clearly illustrating the importance of con-
trolling for mean reversion effects. Estimates from the preferred specifi-
cation, with polynomials of base year working hours/income included,
show that the overall uncompensated elasticities for working hours
and earnings with respect to the net-of-tax rate are 0.038 and 0.055, re-
spectively. Thus, as the estimated effect for the earned income elasticity
exceeds the estimate forworking hours,we cannot rule out that the tax-
payers have responded to the lower tax rates along other dimensions
(as obtaining a higher wage), picked up by the measure for earned
income.25

The estimated (average) net-of-tax elasticities are small compared
to most other NTR studies. According to Saez et al. (2012), estimates
24 Thus, we estimate the uncompensated elasticities. Measures of compensated elastici-
ties are rare also in the discrete choice structural labor supply literature. See, however,
Dagsvik and Karlström (2005) for a method of obtaining compensated effects.
25 Accordingly, we find small positive responses (0.031) when we simply use the differ-
ence inwages as the dependent variable in a standardNTR regression. Blomquist and Selin
(2010) use direct information on wages in a NTR setting and find larger responses, al-
though for amuchwider timeperiod (10 years), whereas Blundell et al. (2008)findno sig-
nificant wage effects for single women in response to a sequence of reforms in Britain in
the 1990s.
of the elasticity of taxable income from the U.S. (after Feldstein, 1995)
range from 0.12 to 0.40. Our estimates, however, measure the responses
inworkinghours andwage earnings only, andwillmost likely show less
responsiveness, compared to estimates for gross income or taxable in-
come (which includes more response dimensions).26 The estimates
are in line with Kleven and Schulz (2014), who report elasticities of ap-
proximately 0.05 for wage earners in Denmark.27

With respect to working hours, there is an understanding in the lit-
erature that the intensive margin responsiveness, which is the main
focus here, are modest and sometimes equal to zero (Saez, 2010; Saez
et al. (2012); Chetty, 2012).28

It is important to keep in mind that the estimated elasticities reflect
average treatment effects of the treated, andwill therefore differ depen-
dent on the reform utilized to obtain identification.

Further, we divide the sample into four groups (single females, single
males, females in couple, and males in couple), as response estimates for
specific groups facilitate closer comparison with the simulation results
from the discrete choice model. A third degree polynomial is used as a
mean reversion control in the estimations for separate groups.

The results reported in Table 4 suggest that the responses are positive
but small for all four groups of wage earners, statistically significant in the
range from 0.02 to 0.05.We see the standard pattern of higher elasticities
for females (and in particular for females in couples) for the hours ofwork
estimations, whereas the labor income elasticities are more similar in
magnitude across the four groups. Whereas the estimates for females
do not substantiate that income is more responsive than hours of work,
the expected larger earned income elasticity is observed for males,
although not strictly significant for single males. This suggests that
males might respond along other margins than working hours only.
5.2. Standard labor supply model simulations

In the followingwe shall see how the simulation results of themodel
can be converted into comparable NTR measures. However, before
discussing the results of the validation procedure we present standard
wage elasticity estimates, where uncompensated wage elasticities
are obtained by increasing the (exogenous) gross hourly wage by one
percent and using the model and parameter estimates to simulate the
percentage change in predicted hours worked for each individual.

The average elasticity estimates for each population group are
shown in Table 5. The wage elasticity is further decomposed into a par-
ticipation elasticity and an elasticity conditional on participation,
26 Moreover, remember that public sector employees are somewhat overrepresented in
the data. We do, however, not find evidence of private sector employees being more re-
sponsive than tax-payers of the public sector.
27 Singleton (2011) finds earned income responses in the US above this level, in the
range from 0.22 to 0.3.
28 Chetty (2012) explains the small responses in both income and working hours as
resulting from optimization errors, an issue we will return to in Section 5.4.



Table 6
Intensive margin wage elasticity estimates by wage decile, derived from simulation of la-
bor supply model, standard errors in parentheses.

Single females Single males Females in couple Males in couple

1st decile 0.25 (0.0174) 0.05 (0.0035) 0.24 (0.0004) 0.03 (0.0129)
2nd decile 0.20 (0.0121) 0.06 (0.0030) 0.30 (0.0002) 0.03 (0.0129)
3rd decile 0.19 (0.0084) 0.06 (0.0028) 0.27 (0.0002) 0.03 (0.0133)
4th decile 0.19 (0.0063) 0.05 (0.0025) 0.27 (0.0002) 0.02 (0.0137)
5th decile 0.18 (0.0053) 0.06 (0.0025) 0.26 (0.0002) 0.02 (0.0135)
6th decile 0.19 (0.0044) 0.02 (0.0021) 0.27 (0.0002) 0.02 (0.0133)
7th decile 0.19 (0.0036) 0.02 (0.0014) 0.26 (0.0002) 0.03 (0.0133)
8th decile 0.15 (0.0029) 0.04 (0.0016) 0.23 (0.0001) 0.03 (0.0135)
9th decile 0.12 (0.0024) 0.06 (0.0023) 0.20 (0.0001) 0.04 (0.0137)
10th decile 0.08 (0.0017) 0.08 (0.0030) 0.12 (0.0001) 0.04 (0.0140)

Note: Standard errors obtained by non-parametric bootstrapping, 30 repetitions.

Table 5
Wage elasticity estimates derived from simulation of labor supply model, standard errors
in parentheses.

Total wage
elasticity

Extensive margin
wage elasticity

Intensive margin
wage elasticity

Single females 0.40 (0.0019) 0.22 (0.0066) 0.17 (0.0055)
Single males 0.29 (0.0089) 0.25 (0.0073) 0.05 (0.0023)
Females in couple 0.46 (0.0182) 0.22 (0.0181) 0.24 (0.0002)
Males in couple 0.06 (0.0264) 0.03 (0.0187) 0.03 (0.0128)

Note: Standard errors obtained by non-parametric bootstrapping, 30 repetitions.
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measuring the extensive and intensive margin, respectively. As already
noted, the results for the intensive margin are more relevant when
using the NTR approach for validation.29 They are small for males, 0.05
and 0.03, and larger for females, 0.17 and 0.24.

In order to examine to what extent the intensive margin wage
elasticity differ over the income distribution, elasticity estimates
are derived when the samples have been divided into deciles,
based on hourly wage rate rankings; thus, highlighting the nonline-
arity characteristic of the model, see Table 6. We see that for the
highest deciles, the responses are relatively small, and the response
differences between the different groups of taxpayers are smaller,
compared to the differences in average measures. Females in the
tenth decile are more similar to their high-income male counter-
parts, rather than to females in other deciles. This implies that the
(converted) net-of-tax rate elasticities are not so different across
gender (as we soon will show).
5.3. Converting results from labor supply model simulations into NTR
estimates

Next, we show howwe can derive estimates of (comparable) net-
of-tax rate elasticities from a labor supply model simulation of work-
ing hours. The random utility framework of the discrete choice
model implies that a probability distribution for different working
time options is generated. In contrast, response estimates found in
the NTR literature are derived from marginal optimization, as the re-
sponse estimates (somewhat simplified) reflect average responses of
the “treated”, compared to “the less or not treated”.30 To approach
comparable measures, we therefore let the results of labor supply
model simulations enter into a regression, similar to that seen in
the NTR literature. First, the structural model is used to simulate
the pre-reform and post-reform working hours for the four groups
of wage earners, see Table 7. Then these results are turned into mea-
sures of growth in (simulated) working hours.31 In the replication of
the NTR technology, the variable for the change in the net-of-tax is
derived from predicted income levels (hourly wage rate multiplied
with predicted hours), and instrumented using similar methods as
in the NTR literature by the change in the net-of-tax rate for constant
(predicted) pre-reform labor income.
29 In the conventional NTR framework, described in Section 5.1, the focus is on intensive
margin responses. We therefore focus on intensivemargin responses in the validation ex-
ercise that follows.
30 In this perspective the modeling of the NTR literature is more related to the perspec-
tive of continuous hours structural labor supply models, such as the so-called Hausman
model, see Section 2.2.
31 Working hours follow fromthe individual's probability distribution, using a draw from
a uniform distribution (the same draw applies for each individual pre- and post-reform).
An alternative is to use the expectedworking hours estimates for each individual pre- and
post-reform. This leads to similar results, although the income distribution becomes more
compressed by the latter procedure. As in the panel data analysis, the regression is restrict-
ed to individuals with predicted pre-reform income in percentile 33 or above.
The NTR version of results from the discrete choice labor supply
model simulation of effects of the 2006 tax reform are presented in
Table 8, see first column. These NTR estimates are small too, from
about 0.02 to about 0.06, with the largest responses seen for single
males.

Moreover, in Table 8, the NTR estimates from the labor supply
simulations are brought together with the results of the standard
NTR evaluation of the reform. The latter results have already
been presented in Table 4. We see that the panel data NTR
measures for working hours are close to the NTR measures
obtained from the model simulations. In fact, there is no significant
difference between the overall average estimates, see the last row
of Table 8. All estimates (for all four groups) are found in the range
from 0.02 to 0.06. A difference of 0.04, which is the maximum
difference observed for working hours in Table 8 (single males),
must be characterized as miniscule, both compared to the varia-
tion of elasticity estimates in the literature, see for example the
review in Blundell and MaCurdy (1999), and from a policy predic-
tion perspective.32

Thus, the model performs well according to this validation. Of
course, this does not mean that the simulation model is approved:
it only implies, according to our judgment, that the model has not
been rejected by the present test. The largest deviations between
the response estimates of the labor supply model and the traditional
NTR estimates on working hours are observed for single males and
females in couples, suggesting that the labor supply model over-
states the responses for single males and underrates the responses
for married and cohabiting females. Further, the earned income
responses are on average somewhat larger, which suggest that it
might be important from a forecasting perspective to bring in effects
from changes in wages in the simulation model.33
32 The revenue effect of erroneously using 0.06 instead of 0.02 can be illustrated bya sim-
ple “back-of-the-envelope” calculation for a hypothetical tax change for all wage earners.
For a 1% change in thenet-of-tax rate,when the after-tax additional incomegrowth, due to
0.06 instead of 0.02, is multiplied by the number of people in the group (2,739,000), the
total effectwill not exceed 100millionNOK (compared to a total revenue from the income
tax for persons of around 280 billion NOK in 2014).
33 Of course, to let the wage rate be determined partly by effort and job choice decision
by the individual is a challenging extension of the standard labor supplymodel. As already
noted, there have been some attempts to endogenize thewage rate, but thenwith another
aim than to capture responses in effort, which is a key argument in the NTR literature.
Creedy and Duncan (2005) and Peichl and Siegloch (2012) account for “general equilibri-
um” effects of wages, whereas Aaronson and French (2009) provide a theoretical argu-
ment for why it is plausible to expect a positive relationship between offered wage rates
and hours of work (after controlling for selection effects in the measurement of wages).
To account for a (positive) tie between hours andwages directly in the simulations is also
a complicated empirical challenge.



Table 8
Comparison of net-of-tax rate elasticity estimates obtained from labor supply model sim-
ulations and the NTR approach for working hours and earned income. Standard errors in
parentheses.

Discrete choice labor
supply model simulations,
working hours

Panel data information

Working hours Earned income

Single females 0.018 (0.0005) 0.032 (0.0037) 0.020 (0.0051)
Single males 0.062 (0.0027) 0.023 (0.0055) 0.039 (0.0054)
Females in couple 0.026 (0.0001) 0.051 (0.0046) 0.031 (0.0045)
Males in couple 0.015 (0.0005) 0.016 (0.0059) 0.053 (0.0034)

Weighted average 0.026 (0.0012) 0.028 (0.0053) 0.041 (0.0043)

Note: Theweighted averages are calculated by accounting for the number of observations
in each group. Standard errors are obtained by using the so-called delta method.

Table 7
Average weekly hours of work, pre- and post-reform, derived from simulation of labor
supply model, standard errors in parentheses.

Pre-reform working
hours

Post-reform working
hours

Difference

Single females 35.20 (0.321) 35.27 (0.322) 0.18%
Single males 38.95 (0.039) 38.97 (0.040) 0.04%
Females in couple 32.13 (0.068) 32.25 (0.068) 0.36%
Males in couple 38.60 (0.013) 38.64 (0.014) 0.11%

Note: Standard errors obtained by non-parametric bootstrapping, 30 repetitions.
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5.4. Time dependency and response frictions

The preceding discussion more generally points to interpretational
challenges in the present validation, i.e., which effects are in reality pick-
ed up by the NTR estimates? For example, one may question the time
spanused in theNTR approach. Both approaches to obtain tax responses
can be criticized for not accounting for key elements of the optimization
process, as adjustments costs and inattention (Chetty et al., 2011;
Chetty, 2012). Under such characteristics of the optimization, one may
question how long it takes for the tax-payer to be established in a new
optimum. Jia and Vattø (2015) find that the labor supply model re-
sponses are considerably more sluggishwhen allowing for state depen-
dence and adjustment costs. For females in couples, only about one
third of the full effect is reached in the first year of a policy change,
and close to the full effect is reached after about 7 years. Given this,
the standard three year time span of the NTR literature may be too
short in the current context.34 The results presented in Table B.4 of
Appendix B indicate some time span dependency of the NTR estimates.
For example, we see larger responses for working hours when extend-
ing the measurement time period from three to four years.

Moreover, given that there are adjustments costs, reforms must be
large enough to overcome the frictions for effects to materialize in
data (Chetty, 2012). Fig. 1 shows that the 2006-reform does not involve
very large changes in incentives.35 The variation in the net-of-tax rate
changes over the income range in the treatment group means that we
may observemore responsiveness in the group experiencing the largest
change (15.5%). However, we find no signs of such effects. In extension
of this,we have also calculated bounds for the true structural parameter,
along the lines of Chetty (2012). Given our relatively small changes in
tax rates, which will result in rather wide bounds according to the pro-
cedure of Chetty, we cannot rule out that our NTR estimates have been
substantially attenuated by optimization frictions, i.e., the reform is not
large enough to obtain accurate estimates.
6. Conclusion

The discrete choice labor supply model is a tool that is frequently
used to analyze a wide range of hypothetical tax and benefit reforms.
Given its key role in the decision-making process, it is important to val-
idate its capacity to provide reasonable descriptions of the effects of pro-
spective policies. There has recently been growing interest in validating
discrete choice structural models using natural experiments. However,
we have yet to see any detailed discussion of how the standard structur-
al labor supply model can be validated by using methods from the NTR
literature.
34 The structure of overlapping panels also contribute to underestimate the long run ef-
fect if behavioral responses take more than one year, see Bækgaard (2014).
35 At least not compared to the changes reported in Table 1 in Chetty (2012). See also
Bastani and Selin (2014) for analysis of a large Swedish reform.
A validation that is simply based on comparisons of average wage
elasticities from the labor supply model with average net-of-tax rates
from the NTR approach is misleading. The reason is that NTR estimates
are derived from specific tax reforms, and therefore measure the aver-
age effects for the treated individuals. The nonlinearity of the discrete
choice labor supply model, on the other hand, implies different re-
sponses along the income distribution.

In this study, we have shown how a standard discrete choice labor
supply model, similar to one made available to Norwegian decision-
makers through themodel system LOTTE, is validated by NTR estimates
of working hours and earnings. The estimated structural model is used
to simulate the labor supply effects of the Norwegian tax reform of
2006. Working hours are simulated pre- and post-reform under an ex-
ogenouswage assumption, and the regression framework of theNTR lit-
erature is used to obtain net-of-tax rate elasticities. These estimates
have then been compared with NTR estimates obtained in the conven-
tional manner.

Our main finding is that simulations from the structural labor sup-
ply model yield net-of-tax elasticity estimates that are close to the
elasticities estimated on basis of the panel data. Thus, we find it
reassuring that the predictions of the labor supply model are not far
from the results of the alternative framework. Both approaches
point to very modest effect of the reform. However, this evidence
only means that the model is not rejected, it does not imply that
we have found the correct model. The reform we consider is relative-
ly small, and NTR estimates may have been substantially attenuated
by optimization frictions. It remains to be seen if the labor supply
model is able to predict effects of a larger reform.

As we validate the labor supply model with respect to panel data in-
formation both on working hours and earned income, we have also
discussed the implication of ignoring responses in wages when describ-
ing policy effects. Even though we do not see a clear picture, on average
the earned income responses appear to be somewhat larger than the ef-
fects on working hours alone, whichmay have resulted from responses
in wages too. Again, exploiting evidence from a larger tax reformwould
have been preferable for examining the fixed wage assumption of the
labor supply model more carefully. In this perspective, developments
of the discrete choice model to fit with key response margins, the
wage response dimension included, are certainly appreciated, though
empirically challenging.

Finally, our results give support to using the NTR approach for
earned income to validate the structural model, when information on
working hours is absent or insufficient.

Appendix A. Estimation of the discrete choice model

As noted in Section 2.1 the discrete model validated in the present
study is a generalized version of the model summarized in Section 2,



Table A.1
Estimation results of wage regressions for single females and single males: log of hourly
wage as the dependent variable.

Single females Single males

Coefficient Std error Coefficient Std error

Experience 0.0164*** (0.0002) 0.0214*** (0.0004)
Experience squared −0.0003*** (0.0000) −0.0003*** (0.0000)
Low education −0.0987*** (0.0021) −0.1521*** (0.0045)
High education 0.2520*** (0.0012) 0.3007*** (0.0026)
Residence in densely
populated area

0.0672*** (0.0009) 0.0585*** (0.0020)

Non-western origin −0.0988** (0.0034) −0.2657** (0.0073)
Field of education
General −0.0270*** (0.0037) 0.1540*** (0.0086)
Human, art −0.1073*** (0.0037) −0.0493*** (0.0090)
Education −0.1062*** (0.0040) −0.0087 (0.0103)
Social sc., law −0.0280*** (0.0043) 0.0681*** (0.0101)
Business, administration −0.0233*** (0.0037) 0.1383*** (0.0088)
Natural sc., technology −0.0132*** (0.0039) 0.1366*** (0.0088)
Health −0.1200*** (0.0038) 0.0301*** (0.0100)
Primary industries −0.0707*** (0.0061) 0.0359*** (0.0105)
Service −0.0733*** (0.0045) 0.0914*** (0.0093)
Constant 4.7759*** (0.0049) 4.6084*** (0.0107)

Selection (participation = 1)
Experience 0.0649*** (0.0020) 0.0093*** (0.0021)
Experience squared −0.0013*** (0.0000) −0.0003*** (0.0000)
Low education −0.3758*** (0.0184) −0.2693*** (0.0210)
High education 0.3785*** (0.0156) 0.2955*** (0.0158)
Residence in densely
populated area

0.0296** (0.0108) −0.0840*** (0.0187)

Non-western origin −1.0045*** (0.0176) −0.8196*** (0.0110)

Field of education
General 0.8136*** (0.0220) 0.9336*** (0.0231)
Human, art 0.5469*** (0.0259) 0.6420*** (0.0314)
Education 1.2989*** (0.0343) 1.4583*** (0.0501)
Social, law 0.9963*** (0.0406) 1.0382*** (0.0412)
Business, administration 0.9621*** (0.0224) 1.0231*** (0.0246)
Nature, technology 0.8982*** (0.0257) 1.1249*** (0.0203)
Health 1.2467*** (0.0227) 1.3472*** (0.0389)
Primary industries 0.7325*** (0.0548) 0.8841*** (0.0405)
Service 0.9259*** (0.0365) 1.1395*** (0.0292)

Excluded variables
Children under age 3 −0.4497*** (0.0244) −0.4106*** (0.0923)
Children under age 6 −0.3411*** (0.0166) 0.1855** (0.0569)
Wealth 0.0199*** (0.0037) 0.1120*** (0.0039)
Nonlabor income −0.0207*** (0.0016) −0.0625*** (0.0015)
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whichwe have denoted the “job choicemodel”. Themodel departs in an
essential way from previous approaches in its focus on a more compre-
hensive description of the choice environment, in which job choice is
the fundamental decision variable. In practice, however, it provides a ra-
tionalization for the state-specific dummy variables which are added to
the deterministic part of the utility function in the approach of van Soest
(1995).

A job is characterizedwith fixed (job-specific)working hours, wages
and other nonpecuniary attributes. We shall assume that the hours of
work take only a finite number of values, represented by the set D. Fur-
ther, let B(h) denote the agent's set of available jobs with hours of work
h. Letm(h) be the number of jobs in B(h), ameasure of opportunity (un-
observed to the researcher). There is only one nonmarket alternative, so
that m(0) = 1. When inserting the opportunity measure into the ex-
pressions for probabilities, we obtain

P hð Þ ¼ exp v f hw; Ið Þ;hð Þm hð Þ
exp v f hw; Ið Þ;0ð Þ þ

X
h∈D

exp v f hw; Ið Þ;hð Þm hð Þ : ðA:1Þ

Eq. (A.1) yields choice probabilities that are analogous to multino-
mial logit ones with representative utility terms weighted by the
frequencies of available jobs, {m(h)}. Unfortunately, {m(h)} is not di-
rectly observable, but under specific assumptions, one can identify
m(h) and exp ν(⋅) and estimate their parameters, see Dagsvik et al.
(2014) and Dagsvik and Jia (forthcoming) for further details. From a
simplified perspective, we can see this version of the discrete
choice model as a standard specification in which we allow for alterna-
tive specific constant terms for non-participation and full time work
(35–40 hours per week).

The model is estimated for single females, singles males and for fe-
males and males in couples. Note that for persons in couples, we esti-
mate individual models, where the income of the spouse enters into
the budget restriction as non-labor income. The discretization is
obtained dividing into 5 categories based on weekly hours of work:
for females h ∈ 〈0 − 1, 1 − 20, 20 − 35, 35 − 40, 40 + 〉 and for
males h ∈ 〈0 − 1, 1 − 35, 35 − 40, 40 − 55, 55 + 〉. Weekly working
hours is defined by contractual working hours and imputed overtime
hours, see Section 4.2. About 25% of the wage earners report positive
overtime payment, for the others total working hours equals contractu-
al working hours. We assume that the constructed measure of total
working hours per week is a good proxy for a “normal” working week
during the year. An alternative is to use contractual hours of work
only, but we then loose some of the variation and responses in working
hours. As we focus on tax changes at high income levels in the present
study, it is important to allow for responses through increased overtime
work.

In order to estimate the multinomial logit model,36 it is necessary
to simulate the counterfactual disposable income levels for each dis-
crete alternative, for each individual. We compute the hourly wage
as monthly contractual wage income divided by contractual working
hours for the same month, as reported in the Wage Statistics. Individ-
uals with exceptionally low or high computed hourly wage rates
(under NOK60 ($8.9/€7.2) or above NOK3500 ($519/€418) in 2004)
were excluded. The log of computed wage rates is then regressed
on individual characteristics in a Heckman selection regression
(Heckman, 1979), which takes into account that individual unobserv-
able effects influencing the wage and participation in the labor mar-
ket might be correlated. We find evidence of this as the Mills
lambda parameter is positive and significant for all groups, except
for single females. For all individuals, across all choices, we used the
36 This type of multinomial logit model with alternative-varying regressors is also called
a conditional logit model, see McFadden (1984).
predicted individual wage rate, accounting for a random effect by
adding an error term, based on draws (30 draws per individual)
from a normal distribution.

The actual and counterfactual consumption levels are simulated by
multiplying thewage rate by themedianworkinghours point of thedis-
crete intervals, C = f(hw, I), where a tax simulation program is used to
simulate taxes and disposable income for each individual's hypothetical
working hours choice.

Tables A.1 and A.2 report the results of thewage regressions, where-
as Tables A.3 and A.4 show the results of the estimation of the labor sup-
ply model. For all four groups we observe positive marginal utility of
both consumption and leisure (α0 and β0 + γZ are positive), and α1

and β1 are less than 1, which implies that the likelihood functions are
strictly concave.

In order to evaluate estimation results, Fig. A.1 shows diagrams of
the actual frequencies of working hours and the corresponding prob-
ability distribution based on model simulations, for single females,
single males, and females and males in couple. The simulated
Constant 0.2297*** (0.0282) 0.8837*** (0.0289)
Mills lambda −0.0187** (0.0064) 0.3678*** (0.0172)

Number of observations 187,829 168,793

Note: *significant at 0.10 level, ** significant at 0.05 level, ***significant at 0.01 level.



Table A.4
Estimation results for thediscrete choice labor supplymodel. Females andmales in couple.

Females in couple Males in couple

Coefficient Std error Coefficient Std error

Consumption
Constant (Scale 10−4) α0 0.6580*** (0.0071) 0.6728*** (0.0144)
Exponent α1 0.9248*** (0.0027) 0.5973*** (0.0073)

Leisure
Age γ1 −0.7688*** (0.0286) −0.0237*** (0.0058)
Age squared γ2 0.1061*** (0.0034) 0.0040*** (0.0008)
# Children under 6 years γ3 0.1274*** (0.0045) 0.0007 (0.0006)
# Children above 6 years γ4 0.0271*** (0.0030) −0.0033*** (0.0007)
Constant (Scale 1/80) β0 2.8846*** (0.0786) 0.1103*** (0.0197)
Exponent β1 −2.9177*** (0.0294) −3.6858*** (0.1252)

Alternative specific constants
Non-participation f1 0.4954*** (0.0107) 0.2960*** (0.0266)
Full-time f4/f3 0.6419*** (0.0061) 1.5241*** (0.0081)

Number of Observations 356,615 305,722

Table A.3
Estimation results for thediscrete choice labor supplymodel. Single females and singlemales

Single females Single males

Coefficient Std error Coefficient Std error

Consumption
Constant (Scale 10−4) α0 0.4225*** (0.0070) 0.7292*** (0.0076)
Exponent α1 0.9244*** (0.0059) 0.6360*** (0.0035)

Leisure
Age (Scale 1/10) γ1 −0.9341*** (0.0726) −0.1781** (0.0623)
Age Squared (Scale 1/100) γ2 0.1428*** (0.0087) 0.0390*** (0.0074)
# Children under 6 years γ3 −0.7002*** (0.0360) −0.8852*** (0.0442)
# Children above 6 years γ4 −0.4812*** (0.0200) −0.7012*** (0.0242)
Constant (scale 1/80) β0 5.5632*** (0.2096) 3.1620*** (0.1452)
Exponent β1 −1.0931*** (0.0425) −0.7665*** (0.0232)

Alternative specific constants

Table A.2
Estimation results ofwage regressions formales and females in couple: log of hourlywage
as the dependent variable.

Females in couple Males in couple

Coefficient Std
error

Coefficient Std
error

Experience 0.0165*** (0.0002) 0.0253*** (0.0002)
Experience squared −0.0003*** (0.0000) −0.0004*** (0.0000)
Low education −0.1107*** (0.0015) −0.1800*** (0.0024)
High education 0.2873*** (0.0009) 0.3439*** (0.0013)
Residence in densely populated
area

0.0732*** (0.0007) 0.0977*** (0.0011)

Non-western origin −0.1574** (0.0023) −0.2656*** (0.0035)

Field of education
General 0.0662*** (0.0032) 0.1353*** (0.0057)
Human, art −0.0172*** (0.0032) −0.1158*** (0.0060)
Education −0.0103** (0.0033) −0.1649*** (0.0061)
Social sc., law 0.0824*** (0.0037) 0.0102 (0.0061)
Business, administration 0.0723*** (0.0032) 0.1019*** (0.0057)
Natural sc., technology 0.0945*** (0.0033) 0.0488*** (0.0057)
Health −0.0204*** (0.0033) −0.0858*** (0.0062)
Primary industries 0.0245*** (0.0050) −0.0456*** (0.0062)
Service 0.0298*** (0.0038) 0.0048 (0.0059)
Constant 4.6585*** (0.0043) 4.7084*** (0.0065)

Selection (participation = 1)
Experience 0.0138*** (0.0019) −0.0202*** (0.0034)
Experience squared −0.0006*** (0.0000) 0.0002** (0.0001)
Low education −0.3263*** (0.0125) −0.0709** (0.0248)
High education 0.5611*** (0.0117) 0.2303*** (0.0183)
Residence in densely populated
area

−0.0622*** (0.0081) −0.0535*** (0.0140)

Non-western origin −0.9761*** (0.0125) −0.7241*** (0.0188)

Field of education
General 0.9610*** (0.0162) 0.9477*** (0.0257)
Human, art 0.6226*** (0.0200) 0.7551*** (0.0386)
Education 1.1249*** (0.0228) 1.2556*** (0.0490)
Social, law 0.9849*** (0.0323) 0.8755*** (0.0466)
Business, administration 1.0624*** (0.0165) 0.9709*** (0.0275)
Nature, technology 1.0394*** (0.0196) 1.1481*** (0.0227)
Health 1.2449*** (0.0165) 1.3206*** (0.0519)
Primary industries 0.6506*** (0.0414) 0.7054*** (0.0407)
Service 0.9818*** (0.0274) 1.1346*** (0.0340)

Excluded variables
Children under age 3 −0.0265* (0.0110) 0.0044 (0.0197)
Children under age 6 −0.3765*** (0.0082) −0.0876*** (0.0143)
Wealth 0.0100*** (0.0025) 0.0030 (0.0040)
Partners total income −0.1899*** (0.0056) 0.2252*** (0.0068)

Constant 1.4467*** (0.0328) 1.0084*** (0.0501)
Mills lambda 0.1303*** (0.0049) 0.2070*** (0.0167)

Number of observations 358,776 307,292

Note: *significant at 0.10 level, ** significant at 0.05 level, ***significant at 0.01 level.

Table A.3 (continued)

Single females Single males

Coefficient Std error Coefficient Std error

Non-participation f1 −0.9429*** (0.0267) 1.2026*** (0.0257)
Full-time f4/f3 1.3328*** (0.0083) 0.9853*** (0.0065)

Number of observations 187,165 168,340

Note: *significant at 0.10 level, ** significant at 0.05 level, ***significant at 0.01 level.
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.

probabilities are derived by calculating the average probability for
each choice of hours, based on the individual probabilities. We see
that there is close correspondence between observed and predicted
choices.

A main difficulty with the NTR approach is, as already discussed, to
distinguish between the effect of the tax reform and themean reversion
effect that would be present also in absence of a tax reform.When only
analyzing one period of data, it is hard to separate the two effects. We
therefore rely on estimating the model over a period both with and
without tax reform (2000–2008). A simple check ofmodel performance
is to compare the estimates of the control variables from the main
model with estimates from a simplified ordinary least square regression
over the periodwithout tax changes (2000–2005).We find it reassuring
that the coefficients for mean reversion and the other control variables
are almost identical in the two regressions. Full regression outputs are
available upon request.

As described in Section 4.2, we have used ameasure of total working
hours consisting of contractual working hours and imputed overtime
hours. In Table B.2 we report net-of-tax estimates for alternative mea-
sures of working hours. When estimating the model on contractual
working hours the response estimate is somewhat lower than the
main result of Table 3, which suggest smaller responses to contractual
working hours, as expected. In another alternative, a measure of work-
ing hours is obtained by assuming that there is a wage premium of 20%
on top of the normal wage for overtime work, which in effect leads to
less imputed overtime hours than in the benchmark. The NTR estimate
for this alternative is very close to the benchmark estimate.

In the following we discuss the effects on NTR estimates of some
of the other restrictions enforced by the main empirical strategy.
First, in the main analysis we limit the sample to individuals with
labor earnings above percentile 33 (about NOK250,000 in 2004) in
the base year (the first year in each three-year difference) and work-
ing time above 30 working hours per week. The mean reversion
problem is reinforced when including observations at lower income
and working hour levels. This combined with the fact that the
Note: *significant at 0.10 level, ** significant at 0.05 level, ***significant at 0.01 level.



Appendix B. Supplements to the NTR estimation

B.1. Summary Statistics

Table B.1
Pooled summary statistics 2000–2008, by gender and marital status. Mean and standard
deviation in parentheses.

Single
females

Single
males

Females,
couple

Males,
couple

Total working hours 34.7 (8.08) 38.4
(7.15)

31.1 (8.8) 38.5 (6.2)

Labor income (2004
NOK)

314,665 390,184 280,052 443,678

Labor income (norm.) 1.00 (0.34) 1.24
(0.51)

0.89 (0.36) 1.41 (0.67)

Socioeconomic characteristics
Wealth 4.24 (5.75) 4.04

(5.79)
6.00 (6.18) 5.47 (6.06)

Age 41.5 (10.5) 39.7
(10.3)

43.9 (9.6) 45.0 (9.5)

Married 0.84 (0.37) 0.83 (0.37)
Newborn 0.02 (0.16) 0.01

(0.09)
0.22 (0.48) 0.27 (0.53)

No. children under 6 0.06 (0.26) 0.01
(0.14)

0.41 (0.70) 0.47 (0.74)

No. children above 6 0.33 (0.65) 0.07
(0.32)

0.76 (0.96) 0.77 (0.97)

Non-western origin 0.03 (0.18) 0.04
(0.20)

0.04 (0.20) 0.04 (0.20)

Residence in Oslo 0.32 (0.47) 0.28
(0.45)

0.21 (0.41) 0.22 (0.41)

Densely populated area 0.87 (0.34) 0.82
(0.38)

0.78 (0.41) 0.81 (0.39)

Years of education 12.8 (2.60) 12.6
(2.56)

12.6 (2.60) 12.9 (2.66)

Fig. A.1. Predicted and observed probabilities for working hours.

Table B.1 (continued)

Single
females

Single
males

Females,
couple

Males,
couple

Field of education
General 0.22 (0.41) 0.21

(0.41)
0.23 (0.42) 0.18 (0.39)

Human, art 0.06 (0.25) 0.04
(0.19)

0.05 (0.22) 0.03 (0.18)

Education 0.11 (0.32) 0.04
(0.20)

0.13 (0.34) 0.06 (0.24)

Social, law 0.04 (0.19) 0.03
(0.17)

0.03 (0.16) 0.03 (0.18)

Business, administration 0.18 (0.38) 0.11
(0.32)

0.17 (0.38) 0.12 (0.32)

Natural sciences,
technology

0.07 (0.26) 0.41
(0.49)

0.06 (0.24) 0.42 (0.49)

Health 0.27 (0.44) 0.04
(0.20)

0.28 (0.45) 0.04 (0.20)

Primary industries 0.01 (0.08) 0.02
(0.13)

0.01 (0.07) 0.02 (0.14)

Service 0.02 (0.14) 0.06
(0.24)

0.02 (0.13) 0.06 (0.25)

Number of observations 1,325,331 1,330,061 3,014,522 2,699,336
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changes in marginal tax rates of the 2006 tax reform affected tax-
payers at high income levels, makes the lowest income individuals re-
dundant for identification. In Table B.3 we present estimation results
for different sample restrictions. We find that the estimates are larger
and more unstable with regards to the choice of mean reversion con-
trol when we do not have any sample restrictions.37 However, results
37 Our interpretation of this result is that the problem ofmean reversion is severe for the
low income individuals, including them in the regression gives biased results of the tax
effect.



Table B.2
Robustness checks for alternative measures of working hours.

Working hours

Contractual
working hours

Benchmark
estimate

Alternative imputation of
total working hours

Net-of-tax rate
elasticity

0.025 (0.0022) 0.038
(0.0023)

0.036 (0.0023)

B.2. Robustness checks

Table B.5
Net-of-tax rate elasticity estimates of specifications with and without income effects.

Uncompensated
net-of-tax rate
elasticity

Non-labor
income
elasticity

Implied compensated
net-of-tax rate elasticity

Single
females

0.0324*** 0.0324***
0.0577*** 0.0068*** 0.0512***

Single
males

0.0227*** 0.0227***
0.0333*** 0.0006 0.0327***

Females,
couple

0.0514*** 0.0514***
0.0433*** −0.0191*** 0.0615***

Males,
couple

0.0160*** 0.0160***
0.0099** −0.0035 0.0132***

Note: The implied compensated net-of-tax elasticity is estimated by the formula ξC = ξU

− ξR((1 − τ)q/R) where ξC, ξU and ξR refer to the compensated, uncompensated and
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seem to be relatively insensitive to the exact choice of cut-off at per-
centile 33 and working hours ≥ 30. One exception is that working
hour elasticities decrease with the cut-off level for the income per-
centile between percentile 25 and 40. This might be due to that aver-
age working hour responses of the reform depend on the hourly
wage rate of the affected individuals. Keep in mind that the same
cut-off rule is used for converting the structural model simulations
into comparable net-of-tax elasticities, which means that this con-
straint is not expected to influence the outcome of the validation.
Table B.3
Estimates of net-of tax rate elasticities for alternative data restrictions.

Working hours Earned income

Net-of-tax
rate
elasticity

Std error Net-of-tax
rate
elasticity

Std error

Benchmark (≥30 working
hours, ≥33 income
percentile)

0.038 (0.0024) 0.055 (0.0022)

≥0 working hours 0.060 (0.0023) 0.052 (0.0022)
≥25 working hours 0.040 (0.0023) 0.054 (0.0022)
≥35 working hours 0.037 (0.0024) 0.059 (0.0023)
≤60 working hours 0.039 (0.0023) 0.054 (0.0022)
≥0 income percentile 0.089 (0.0024) 0.101 (0.0022)
≥25 income percentile 0.058 (0.0024) 0.052 (0.0022)
≥40 income percentile 0.019 (0.0024) 0.055 (0.0022)
≤99 income percentile 0.041 (0.0024) 0.047 (0.0023)

Number of observations 5,486,168 4,933,291 5,486,168 4,933,291

Note: All regressions include control variables for gender, wealth, age, age squared, married,
number of children under and above the age of 6, newborn, residence in Oslo/ densely pop-
ulated areas, non-western origin, years of education, dummies for field of education, year
dummies and third degree polynomial of working hours or labor income, respectively.

non-labor income elasticity, respectively, see Blomquist and Selin (2010).
Next, we present robustness checks regarding the choice of time
span. The three-year span has been proposed in the literature to allow
some time for individuals to respond to tax changes. As already noted,
this is an ad hoc choice (initiated by Feldstein, 1995), and in Table B.4
Table B.4
Robustness checks for time span assumption, net-of-tax rate elasticities forworking hours
and earned income.

Working hours Earned income

Net-of-tax
rate elasticity

Std
error

Net-of-tax
rate
elasticity

Std
error

Number of
observations

Benchmark
(three
years)

0.038 (0.0023) 0.055 (0.0022) 2,648,201

One year 0.039 (0.0034) 0.025 (0.0021) 4,116,871
Two years 0.037 (0.0026) 0.040 (0.0021) 3,324,602
Four years 0.059 (0.0025) 0.058 (0.0025) 2,076,707

Note: All regressions include control variables for gender, wealth, age, age squared, mar-
ried, number of children under and above the age of 6, newborn, residence inOslo/ dense-
ly populated areas, non-western origin, years of education, dummies for field of education,
year dummies and third degree polynomial ofworking hours or labor income respectively.
we present the results for alternative spans: one to four years. The elas-
ticity estimates increase somewhat with the time span, in particular
with respect to earnings, which is in accordance with wage earners
responding to tax changes with some sluggishness.
As discussed in Section 5, the NTR estimates are obtained from an
econometric specification without representation of income effects.
The main reason is that a collinearity problem materializes, as the in-
strument for the income effect is constructed in basically the same
way as the instrument for the net-of-tax rate. However, in Table B.5
we report the results when explicitly accounting for income effects in
the regressions for working hours, using the approach suggested by
Blomquist and Selin (2010) to establish virtual income. We see that
the income effect is small, and not necessarily negative as expected,
and correspondingly, the effects of including income effects on the un-
compensated and implied compensated net-of-tax elasticities are
modest.

Our benchmark model relies on a specification following the con-
ventional approach in the NTR literature, following Auten and Carroll
(1999) and Gruber and Saez (2002). The established approach of con-
structing tax instruments and controlling for mean reversion and in-
come trends has been criticized by for example Blomquist and Selin
(2010), Holmlund and Söderström (2011) and Weber (2014).

In Table B.6we present results from two alternative specifications of
mean reversion and tax rate instruments. First, Kopczuk (2005) sug-
gests separating the effect of permanent and transitory income shocks
in the mean reversion control by using income lagged one more period
in addition to the growth in the individual income fromperiod t− 1 to t.
We use a third degree polynomial of the pre-base year income in addi-
tion to the change in pre-base year to base year income.

Second, we also check to what extent our results are affected by the
choice of instrument for the tax change. Weber (2014) argues that the
conventional tax rate instrument suffers from endogeneity and that
this cannot be corrected for by controlling for a function of the base
year income. She suggests using lagged variables to construct the tax in-
strument and to use lagged income variables to control for heteroge-
neous growth rates.

Table B.6 reports results for both the mean reversion control sug-
gested by Kopczuk and Weber's alternative instrument for the tax
change. We see no large effects of using these alternative methods.
With respect to the suggestion by Weber, the net-of-tax rate elasticity
increases to 0.07 for earned income, but decreases to 0.03 for working
hours. These results do not therefore accord with the findings reported
by Weber (2014), suggesting large effects of this when using the 1986
tax reform in the U.S. (TRA86) to obtain estimates.



Table B.6
Alternative model specifications.

Working hours Earned income

Net-of-tax rate
elasticity

Std
error

Net-of-tax rate
elasticity

Std
error

Benchmark 0.038 (0.0023) 0.055 (0.0022)
Kopczuk (2005) mean
reversion control

0.048 (0.0027) 0.042 (0.0023)

Weber (2014) tax
instrument

0.030 (0.0046) 0.071 (0.0040)

Note: All regressions include control variables for gender, wealth, age, age squared, mar-
ried, number of children under and above the age of 6, newborn, residence inOslo/ dense-
ly populated area, non-western origin, years of education, dummies for field of education,
year dummies and third degree polynomial ofworking hours or labor income respectively.
In the Kopczuk and Weber specifications the polynomials are based on income one year
prior to the base year. In the Weber specification also the tax rate instrument is based
one year prior to base year.
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