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Abstract

Labor responses to tax changes are often discbysehploying a structural labor supply model to
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a quasi-experimental identification strategy. Tgaper brings these two strands of the literature
together by using them to discuss income respasfsesiuctions in marginal tax rates at high income
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each other. Both sources of information suggestthigaresponses of the 2006 tax reform are rather
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1. Introduction

Individual labor supply and income responses tactanges is a core issue in public economics,
reflected by numerous estimates from different métfogical approaches. Relationships between
labor supply and taxes in a microeconomic and mimpaometric perspective are often discussed
based on two categories of research, by simulatidéax changes applying a static structural labor
supply model and by response estimates obtaineddralysis of panel data, comparing incomes
before and after a particular tax change. The stahprocedure under the first line of researcb is t
estimate a static structural labor supply modeintobservations of households and individuals’
consumption and connections to the labor markpic#ély working hours, one can either fit a labor
supply function directly or one can estimate atytflinction, see reviews of the literature in Bilati
and MaCurdy (1999) and Keane (2011). The paranestenates can in turn be used to simulate
effects of changes in the tax system.

The second main method to obtain information abelationships between income and taxes
often centres the attention on income responsashwépresents broader behavioral responses (than
effects on working hours or labor market partidipa) Identification of response estimates typigall
apply the difference-in-differences estimator dated econometric techniques, measuring treatment
effects by utilizing that tax reforms can be segulefining quasi-experiments in the sense that they
generate net-of-tax rate changes along the inceale,often producing substantial tax changes for
some tax-payers, whereas others are more or lesected. A key concept is the elasticity of taxabl
income (ETI), which measures the response in taxalcbme for a change in the net-of-tax rate. Saez,
Slemrod and Giertz (2009; 2012) survey the litegatu

Even though there are some examples of studieqwdiscuss experimental evidence in
relation to results from structural models, seedrade (1986), Eissa and Hoynes (2004), Todd and
Wolpin (2006) and Blundell (2006), we have sees lesoss-bearings” of results from the ETI-
studies and structural labor supply model simulations.rigleil (2006) argues that “simple difference
in difference evaluations can be valuable for \atlith the specification of more fragile
microeconometric models” (p. 425). But how can ltsswom a structural labor supply model be
compared to estimates derived from the quasi-exyaial method in meaningful way? This study
brings these two strands of the literature togellyarsing both methodological approaches to discuss
how responsive tax-payers are to a particular chamgpx rates. By doing this we offer a practical
suggestion to facilitate comparison of results se€methods. Further, as the response of income from
tax changes is a measure which holds a key positithe public policy debate, cross-bearing of

results of the two empirical approaches is esddnttae search for valid measures and for the

! By ETI-studies we refer to reduced form studiesetiyed the last couple of decades (after initiakibutions by Lindsey
(1987) and Feldstein (1995)), focusing on inconspoases and using “experimental” empirical idecdiiion strategies.



understanding of what such measures express. Gihyjaiis reassuring if both sources of
information point to similar response magnitudeg,diven that the two approaches pick up different
effects, response estimates will not be identisahare are remaining sources to disparate outcomes
These reasons for differences are spelled oueipitbsent paper.

We focus on the response of wage earners at theshig) of the income distribution, which
follows from the identification of the estimatestbé quasi-experimental approach, exploiting the
reductions in top marginal tax rates of the 20@6édiorm to derive earned income elasticities.
Traditional methods of the ETI-literature are uagdizing the panel structure of data to obtain
individual measures of income growth, and employimggrumental variable techniques to obtain
measures of change in the net-of-tax rate. Thessdtseare compared to results from a structurairlab
supply model simulation, facilitated by estimatiufra discrete choice model. To facilitate compariso
with the ETI-results, instead of only reporting wagjasticities, we simulate the effects on hours of
work of the specific tax reform, and use predidtembme levels to obtain an estimate for income
elasticity with respect to the net-of-tax, whichitie key measure of the ETl-literature.

The paper is organized as follows. In Section Zvesent the two methodological approaches
to obtain tax response estimates, followed by prtesiens of results in Section 3. In Section 4 we
bring the results together and discuss what thayeypabout Norwegian tax responsiveness. Section

5 concludes the paper.

2. Empirical models for income and tax relationshig

One will find a whole range of different responséreates in the labor supply literature, reflecting
different theoretical models and methodologicalrapphes. In the present analysis we discuss
evidence from two well-known static approachésx simulation based on the structural discrete
choice labor supply model and estimation of thetelay of taxable income under a quasi-
experimental identification strategy. Given thétreation of structural labor supply models often
involve severe econometric challendege reviews in Blundell and MaCurdy (1999) andriéea
(2011), reduced form estimation based on the diffee-in-differences estimator may represent a
rather straightforward empirical technique for ghactitioner of public finance. However, besideatth
identification methods rely on rather strong asstionp see e.g., Moffitt and Wilhelm (2000), a main
limitation of the ETl-approach is that the “treatmheffect” must be interpreted in terms of the dec
tax change under consideration, and thereforesssifdormative about effects of other policy change

But even though there are empirical concerns réggltubth sources of information on tax responses,

2 Chetty et al. (2011) refer to this type of evidensesteady-state elasticities.

3 It can be argued that the discrete choice versi@tructural modelling represents is more prattitan the conventional
continuous approach, based on marginal calculus striactural labor supply model associated withd#@an becomes very
complicated in the case when more general ancbfiexnodel specifications are used, see Bloemen apdiekn (2008).



they provide an opportunity for cross-bearing opéeroal results, which is illustrated by the presen
analysis.

Recently we have witnessed discussions in thetitee concerning interpretations and
advantages of “structural modeling” versus “reduicgth” approaches, see for instance Chetty
(2009), Deaton (2010), Imbens (2010), Keane (2@b@d)Heckman (2010). As emphasized by Chetty
(2009), the ETI approach cannot easily be placedrding to the two stereotype classifications, sinc
these elasticities share important characteristittsboth strands of the literatutd=or instance,
similar to structural models the ETI framework depdrom an underlying utility maximizing
behavior and renders precise statements aboutregtf@lications. The identification strategy shares
however, important similarities with reduced formeaperimental studies. In this section we present
the main characteristics of the two methods tovdenrésponse estimates. First we present a discrete
choice labor supply model and then next we destrilvetax response estimates can be derived from

panel data analysis.

2.1 Choice of working hours based on a discrete cive model formulation

Discrete choice models of labor supply based omahdom utility modeling approach have gained
widespread popularity, mainly because it is muchenppactical than the conventional continuous
approach based on marginal calculus; see Van §#3%) for an outline of standard discrete choice
model. The maximization problem for a person imgls-individual household can be seen as
choosing between bundles of consumptiGhdnd leisurel(), subject to a budget constraint,

C = f (hw,1),whereh is hours of worky is the wage raté,is non-labor incomeg is (real)

disposable income arifl) is the function that transforms gross income after-tax household
income.

The labor supply model applied here is based acgrsian of the discrete choice model
formulation, where the agents are assumed to nmadiee with respect to “jobs”; see Dagsvik and
Strgm (2006), Dagsvik and Jia (2012), and Dagsivid.§2012). Each job is characterized by a
discrete set of hours (as in the traditional mqdmlj several jobs might be characterized with the
same working hours. In addition to consumption l@mglre, the individual is assumed to have
preferences over jobs which are unobserved forgbearcher. This means that the utility function of

the household can be seenb&C, h,z), wherez=1, 2,..., refer to market opportunities (jobs) and

z=0 refers to the nonmarket alternative. The utilitpdtion is assumed to have multiplicative

structure,U (C,h,z) =v(C,h)+ £(z). wherev()lis a positive deterministic function and the ramd

unobserved componengz) are dependent on job z in addition to unobsemdividual



characteristics. We assume that the random compoaeni.i.d. extreme value distributed with c.d.f.
exp( ex;(—x)) for positivex. The distribution assumption implies independerfderelevant

alternatives (l1A), which is a common assumptiothia discrete choice labor supply literature.

Let @(h)=v(f (hw,1),h) be the representative utility of jobs with houfsvork h, a given

wage ratev and non-labor incomie In a more general set-up, one may allow wagesitp across
jobs, see Dagsvik and Jia (2012), but here weletithe wage depend on individual characteristics,
only> We further assume that individuals face restnittion the set of available market opportunities.

Let B(h) denote the agent’s set of available jobs with ho@igork, h, and m(h) define the number of
jobs inB(h) . There is only one nonmarket alternative, sont(&) =1.
Now, letD be the set of possible hours of work. Then byyipplstandard results in discrete

choice theory (McFadden, 1984), it follows that pinebability that the agent shall choose atan be

expressed as

2.1) P(v(f(hw,l),h)+£(z): max ma>(v(f(xw,|),h)+£k)j

xODL{O} kOB %

= expy ) _
> > expy (x)+ expy (0)

xOD, ZIB(x)

However,y(h) :v(f (hw, I )h) is defined as the representative utility of aydth working hoursh.

In order to derive an expression for the probabitir choosing any job withiB(h) , we sum over all

the alternatives withirB(h) , that is,

(22) g=y exp@ b)) _ expy b)nb) ,
28 Y Y. exp@ X))+ exp (0)) exp 0> expy X ) X )
xOD, zOB(x) xOD

Whenh = 0 we get

4 Chetty therefore introduces a third class, thefisieht statistic” category, which covers studikattmake predictions about
welfare without estimating or specifying structunaddels.

> The simplification we shall follow is that the ageonsiders an individual specific wage rate, thiitk no variation across
jobs. Instead we address the mean offered wageatateintroducing a random effect to account foshserved
heterogeneity in wage rate opportunities. Introdgeandom effects in the wage equation may alsseba as loosen the
somewhat restrictive form of the conditional lagibdel, referred to as the IlA restriction (Dagsstlal., 2012).
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2.3) $(0)= exp (0)) ,
exp@ (0))+ " exp@ (x))m(x)

xOD

Let 4 define the total number of jobs available to tdividual. Then one can defirggh) as the
fraction of jobs available to the agent with offiteours of work equal th, g(h) =m(h)/8. We shall
call 8g(h) the opportunity measure argih) the opportunity distribution. When inserting the

opportunity measure into the expressions for pribtiab, we obtain

exp(y h)ghy
expy (0)+6 exw &Y k)

xOD

(2.4) ¢(h)=

and

exp(¢ (0)
exp(g (0)+6 >, exw &P &)

x0D,x>0

(2.5) ¢(0)=

The resulting expression is a choice model thah&ogous to a multinomial logit model with

representative utility termg( h W)}, weighted by the frequencies of available jobs,

{m(h) =8g(h} . Unfortunately,m(h) is not observable, but under the assumption gh} is

uniformly distributed over individuals with peakispart and full time work, and by assuming that

theta is individual specific and depending on ti@hiiduals education, the model can be estimated.
Appendix A shows how(C,h) and the wage rate is specified, and present tiraan

results for single males, single females, and seplgrfor males and females in couples

(married/cohabiting), which are utilized in the siation of behavioral responses to the tax changes,

presented in Section 3.

2.2 Utilizing direct observations of income growth

The approach followed in much of the ETI-literatdeparts from an underlying utility maximizing
behavior similar to what is seen in the standaodiaupply literature above (Feldstein,1999; Saez,
Slemrod and Giertz, 2012). Individuals are assutnedaximize a utility function which increases in

consumptionC) and decreases in taxable incomg $ubject to a budget constraint described by

C= (1— r)q + R, wherer is the marginal tax rate (at a linear segmenheftax schedule), arRlis



virtual income. In the present context we defirte be earned taxable income, defined as wage rate
(w) times working hoursh). Thus, this formulation suggests closer relatigmso the part of the
structural labor supply literature which is basecdestimation of a continuous labor supply function
with a piecewise linear budget constraint, as intlBss and Hausman (1978) and Hausman (1985).

Whereas standard labor supply approaches usuallg fon the choice d¢f given an
individual-specific wage rate, a main advantagthefETI-approach is that it opens up for a broader
range of responses to changes in marginal tax cafgsred by the income response, as denoted by
Feldstein (1995). In this study we focus on the responses in wage income capturing possible
responses in hours and wages. This can be idehsifieve use changes in the tax schedule for labor
income, and as we look at responses in hon-dedieitiikable labor income.

We adopt the measure of the elasticity of inconté vaspect to changes in the net-of-tax rate,

defined bye=2=L_ 24
q o(1-71)

. Panel data covering a period of net-of-tax rateation across individual

and across time (often covering a tax reform) feenlihe main data source for identification of ETI-

estimates. If we let income for individuaat timet, g, , be explained by a time specific constant,

the net-of-tax ratépg(1-r;, ), an individual effecty , and an error termé, ,

(2.6) logq, =k, +A log(t-7, } 4 +&,

the basic framework for identification in the Efetature is various estimations of a first diffeced

version of (1), using panel data for two periodd aliminating the individual effect; ,

(2.7) Alogg =k +AA log(l-7; & .

The reliability of results rests upon carefullyrfred empirical designs for identification of the key
parameter, including controls for effects from olved and unobserved characteristics. A main
methodological identification challenge (df) has been the endogeneity of the tax variableglwhas
led to estimation of (2.7) by IV techniques, fostemnce employing the difference in differences
estimator, grouping the individuals into treated aon-treated based on pre-reform income levels.
Feldstein (1995) is an example of thislany post-Feldstein studies employ a closely eelat
instrument, using (for the net-of-tax rate variahe change in net-of-tax rates according to first

period income as the excluded variable in the tfhesion, see Auten and Carroll (1999) and Gruber

® This structural model specification thus devidtes the standard discrete choice model (Van S4885) and the discrete
choice model presented above, in which estimatiarairied out directly on the utility specification

" Feldstein (1995) used a table version of thisriepie. Aarbu and Thoresen (2001) employed the ssige version of the
same procedure, as one of two econometric methods.



and Saez (2002). Thus, this line of research rakawily on methods commonly used in the
“experimentalist” or “program evaluation” literatft As tax reforms often involve reductions or
increases in maximum marginal tax rates, and sonalb changes at lower income levethe
treatment and controls groups follow from theirdme level. Thus, we are far from the randomized
trial interpretation of results that many studiesksto obtain.

The ETI literature focuses on effects that aralaimo the average treatment effect of the

treated. In other words, if we let a paramedebe a zero-one indication of being treated (expeiiey
net-of-tax rates changes or not), as in Feldst90%), one identifie£(/l|c5It =1). According to

Blundell and MaCurdy (1999), this parameter is eabjo conventional sample selection biases and
cannot be used to simulate policy responses. farsas we think this is too pessimistic, as we gstg
that ETI estimates can be used for validation efijmtions from structural models (as also noted by
Blundell, 2006), such measures are valuable fraax @olicy perspective as they contain crucial
information about behavioral effects and efficierdfects of tax changes (Feldstein, 1999; Chetty,
2009).

Even though this type of panel data analysis isadtarized as non-structural according to
standard typologies, the specification of the reduiorm is helped by important lessons from the
structural labor supply literature. For instanceaeefully designed empirical approach would need t
address income effects. Similar to Blomquist angh§2009) we construct virtual incomes by
procedures similar to the approaches seen in bwe Bupply literature, based on piece-wise linear
approximations to the budget constraint (see Bsstind Hausman, 1978). Virtual income will be

expressed by the difference between paying theinargix on overall labor income, q,, and the
actual taxes paid, given b!/(qit) . This difference will be positive for a progresstax system with
tax allowances. In addition, sincg only captures labor income, we will include nobdaincome

|, as exogenously given.

(2.8) R =1l + (Titqit — Uy (qit))

In non-labor income we will include untaxed tramsfesuch as the child benefit and other social
transfers in addition to net of tax capital incofer couples, non-labor income includes the income
of the spouse.

Appendix B provides a more detailed descriptioh@iv this type of model can be estimated,

given the data we have had access to.

8 There are conceptual challenges when categoritiffegent studies. Two tags that are used to defimestructural studies
are “program evaluation” (Imbens and Wooldridge)@0and “experimentalist” (Keane, 2010).
% At least this has been the case both in 1992 @Aé & Norway.
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3. Tax response estimates

In this section we probe deeper into the “crosgihgéof the results of the two methodologies, to
discuss the empirical content of the two sourcdsfofmation, and ultimately, assess to what extent
they provide similar estimates of tax-payers incaagponses to tax changes. The change in marginal
tax rates on wage income of the Norwegian tax nefof 2006 is used to illustrate the effects. After
providing some institutional background on ther@borm, we present the evidence of the panel data
guasi-experimental approach, and then next, tressdts are contrasted to the predictions of therlab

supply model.

3.1 The reductions in marginal tax rates by the taxeform of 2006

Norway has a “dual income tax” system, enactedi@%®2 tax reform which consists of a combination
of a low proportional tax rate on capital incomel @nogressive tax rates on labor income. The system
proliferated throughout the Nordic countries in gaely 1990s. The Norwegian version had a flat 28
percent tax rate levied on corporate income, clhgitd labor income coupled with a progressive
surtax applicable to labor income. The gap betwearginal tax rates on capital income and wage
income was problematic, and the schedule was refdim2006 in order to narrow the differences,
introducing a shareholder income tax, and most napdly in the present context, by cutting labor
income marginal tax rates.

The tax reform was gradually implemented in they@805 and 2006. Figure 1 reflects the
principal features of the Norwegian labor incomeggstem: a two-tier surtax that supplements a
basic income tax rate of 28 percent plus a 7.8gu¢reocial insurance contribution. In 2004 thet firs
tier of the surtax was applied at NOK354,300 ata of 13.5 percent, and the second tier of 19.5
percent applied to income in excess of NOK906,90@ reform implied that the maximum marginal

tax rate fell from 55.3 to 47.8 percent, but becaffiective at a lower level.



Figure 1. Reductions in marginal tax rates accordig to the tax reform of 2006
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3.2 Evidence from panel data estimations

We closely follow the conventional approach in B#-literature, see e.g. Gruber and Saez (2002),
where changes in net-of-tax rates are instrumdnydte tax change for a constant individual income
level. More details on the empirical specificatamd sample restrictions are presented in Appendix B
The exogenous variation in this study is the Noiaegax reform, which (as already noted) was
gradually implemented during 2005—-2006. As theitakrument is based on the initial period income
and the dependent variable is growth in incomerdrol for mean reversion and drifts in the income
distribution is necessary. Auten and Caroll(199@)uded therefore the initial income as an addiion
explanatory variable, and Gruber and Saez (2002hdrd this approach by allowing for a piecewise
linear function of initial income. We adopt thisppach by including 10 linear splines or a three
degree polynomial of initial income.

The main data source is the Income Statistics éosdhs and Families (Statistics Norway,
2006a), a register-based data set which coveramplete Norwegian population, with data from
income tax returns as a main component. The pamelngion can be easily exploited as each

individual is coded with a personal identificatiommber. We restrict the data set to wage earners in
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the age group 25-62, defined as having labor incagrtéeir main income source and exclude
students and individuals with positive self-emplbygcome, pensions or unemployment benefits.

We use six overlapping 3-year panels over the ge2i®0—2008. The reason why we have
chosen to include a wider dataset, outside themef@riod 2005—-20086, is to improve the estimates
for the control variables, in particular the meawersion control. All wage earners with incomeha t
upper 2/3 of the income distribution (equals abd0K250,000 in 2004) in the base year (the first
year in the respectively 3-year panel period) actuded in our main analysis. There are two reasons
for excluding the lower income levels. Firstly, e mainly interested in the effect of decreased
surtax rates, which affect only about 1/3 of thgggvaarners. Secondly, the mean reversion problem is
especially severe for individuals with initiallyvoincome, which makes this group less appropriate a
a control group.

Table 1 reports the results of the 2SLS regressiarthe first two columns, 10 splines of log
income are included, whereas in the third and foaolumn a third degree centered polynomial of log
income is included as mean reversion control. Sipation (2) and (4) include a control for virtual
and non-labor income. Although results (in geneaied) sensitive to the inclusion of the mean
reversion control, there is only a minor differemetween the estimates including 10 splines oird th
degree polynomial of base year income. The el@gtitilabor income with respect to net-of-tax is
estimated to about 0.05—-0.06 without income eff@ct 0.03—0.04 after the income effect is controlled
for. The estimated virtual and non-labor incomestdéty is small and negative, as expected.

The estimated net-of-tax elasticities are very smbhén compared to most other ETI studies,
the literature more often reports estimates irréimge 0.2—0.8. According to Saez, Slemrod and Giert
(2012), estimates from the U.S. (after Feldste295) range from 0.12 to 0.40. One reason for the
low response reported here may is that we measateasponses in labor income for the restricted
group of wage earners, which means that we doapitice any altered deduction behavior and
assumingly less short-sighted tax planning. Moreower estimates might be less influenced by drifts
in the income distribution (unrelated to the taform) as the wage distribution was relatively stabl
(or followed a linear trend) over the period of siokeration. Our ETI-results will therefore, if
correctly specified, cover the changes in hounsark in addition to changes in effort (changes in
hourly wage). The time span is probably too shmdapture more general effects on education
attainment etc. Still, the responses suggest thavdgian wage earners are less responsive toxhe ta

changes imposed by the 2006 reform.
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Table 1. 2SLS Regression results for all wage eaers

Mean reversion control

10 splines Polynomial
) 2 3) 4
Net-of-tax rate elasticity 0.0562*** 0.0370**  0.0531*** 0.0356***
(0.0023) (0.0032) (0.0023) (0.0031)
Non-labor income elasticity -0.0091*** -0.0105***
(0.0012) (0.0012)
Splines of (income/median) Yes Yes
3 degree polynomial of (income/median) Yes Yes
Number of observations 4,933,291 4,331,276 4,933,291 4,331,276

Note: All regressions include control variablesdender, wealth, age, age squared, married, nuofilobildren under and above 6,
newborn, residence in Oslo/ dense populated aogawest origin, years of education, dummies foroation area, income shifting control
and year dummies. Full regression output is redartéable B1, in Appendix B.

We have also divided the sample into four groujppsjls females, single males, females in
couple and males in couple, to have a closer lboksponses for specific groups and to facilitate
closer comparison with the simulation results ef skructural model estimation. A third degree
polynomial is used as a mean reversion controveméxclude the income control in order to compare
with the results from the structural model. Theutessof Table 2 suggest that the responses aréasimi
in the four groups of wage earners, ranging betvge@80 for single males and 0.045 for males in
couple. For females, the elasticity of earned ineasrestimated to 0.034 for singles and 0.041 for
women in couple. Note that although the estimateswnall, they are all highly statistically

significant, due to a large number of observations.

Table 2. 2SLS Regression results for groups of wagarners

3 degree polynomial, no income elasticity
Single females Single males  Females, coupl®lales, couple

Net-of-tax elasticity 0.0340*** 0.0298*** 0.0410*** 0.0448***
(0.0061) (0.0059) (0.0049) (0.0031)
Number of observations 576,232 959,151 1,109,651 2872960

Note: All regressions include control variablesvigalth, age, age squared, married, number ofrelnildnder and above 6, newborn,
residence in Oslo/ dense populated area, non-wigi,oyears of education, dummies for educati@aamcome shifting control and year
dummies. Full regression output is reported ihet&?2.

3.2. Results of simulations based on labor supplyadel

Next, we show how we can derive estimates of coatgamet-of-tax elasticities from a labor supply
model simulation. The discrete choice structuratietds estimated by using information on hours
work from the Labor Force Survey (Statistics Norn205) and income data from the Income
Statistics for Persons and Families (Statisticadgr 2006a) for 2004 (a pre-reform year). Four

separate models, for men in couple, women in cogpigle women and single men, are estimated. In
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Appendix A results of the labor supply model estiotes are presented, including the results of the
estimations of wage rate equatidfs.

Given that the model deviates from the standasdrdie choice models in terms of accounting
for differences in number of job options acrossvitilials and peaks in the distribution of working

hours, @ and g(h), respectively, see Equation (2.4), it is worthimpthat the number of job options

IS increasing in education and that the full-tinealpis reflected by a parameter estimate well alove
Before addressing results of simulations of tle@ime elasticity with respect to the net-of-tax
rate, we present standard wage elasticities oéstimmated model. The uncompensated wage
elasticities are estimated by increasing grossihewage by one percent, and simulate the percentage
change in predicted hours worked for each individliae average elasticity for each group is given i
Table 3. The wage elasticity is decomposed intaréigipation elasticity and an elasticity conditbn
on participation, measuring the extensive and sitenmargin, respectively. The results for the
intensive margin are most relevant with respeth¢oresults of the ETI-framework, and show modest

elasticities, in the range 0.07-0.27.

Table 3. Gross wage elasticity estimates

Gross Wage Elasticities
Total Extensive Margin Intensive Margin
Males in couple 0.16 (0.xxxx) 0.003 (0.xxxx) 0. TBxxxX)
Single males 0.08 (0.xxxx) 0.008 (0.xxxx) 0.07 &%)
Females in couple 0.36 (0.Xxxx) 0.087 (0.xxxxX) O(@FKxxX)
Single females 0.25 (0.xxxx) 0.065 (0.xxxx) 0.18&Kxx)

Note that wage elasticities are calculated by uaipgrcentage increase in gross wage, and are
not directly comparable to the net-of-tax elastsiffrom the ETI-literature. But a simple exampdé ¢

describe their similarities. L&/ =w(1—7) whereWis net wagew is gross wage and is the

average tax level. Now assume that we have a simplestep tax system where the two tax rates are
7, andr, respectively. Imagine that basic allowances asefaband let the cut-offs for each tax
bracket be kept constant. Now, the net-of-tax iatecreased by 1 percent for each threshold. Under
the assumption that we do not have any basic alloas if (1-T) is increased by 1 percent (for a

contant w), this is identical to the gross waggebeing increased by one percent (as long as the
average tax rate is kept constant). Moreover, tiateasw is considered to be constant at the
individual level in the structural model, a per@ge change in hours is identical to a percentage

change in labor income. So, under these simpliioat we have

19 As further elaborated upon in Appendix A regressiaccount for selectivity bias for females, notrf@les. The
individual wage is represented by the predictedenate, with an additional random effect. In prastithe random effect
is accounted for by making 30 draws, from the mesmsfithe error term variance, and subsequentljyaggpmaximum
simulated likelihood by computing expected valumstifie individual log likelihood function acros®tB0 draws.
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oh/h Ah/h _ Awh/wh

(2.11) = = .
OW/W ~ A-7)/(1-7)|w AQ-7)/(T)

However, when increasing gross wage by one perbetiti,the average and the marginal tax
rate may increase, such that the net wage incoeaseé be less than 1 percent in magnitude. The most
important complication is, however, that the stusat model is nonlinear, and since there are no
identifiable quasi-experiment where all wage eariace the same net-of-tax change, the two
measures will never be immediately comparablergt fitep to obtain comparable measures of net-of-
tax rate elasticities from the labor supply modebi simulate the effects of the 2006-reform on
working hours-! These results are shown in Table 4 for the foaugs of wage earnet$As for the
wage elasticities, predicted hours under the prd-pst-reform schedules are based on the estimated

probability distribution for each individual.

Table 4. Predicted hours pre- and post-reform

Pre-reform Post-reform Difference

Males in couple 38.90 (0.xxx) 39.26 (0.xxx) 0.91 %
Single males 38.94 (0.xxx) 39.13 (0.xxx) 0.48 %
Females in couple 36.04 (0.xxx)36.19 (0.xxx) 0.45 %
Single females 37.09 (0.xxx) 37.21 (0.xxx) 0.34 %

Next, to obtain an overall estimate of the ETItloe structural model, we simply regress
predicted growth in labor income on the changeeitai-tax rate, as in the ETI-literature. Growth in
labor income is identical to growth in predicteditefor an individual specific wage rate, and the n
of-tax rate is instrumented by similar methodsrethe ETI-literature, using the change in net-af-ta
for constant (predicted) initial labor income (dreed pre reform hours times the individual's

constant wage rate) as the instrurfiefithe estimated elasticties are reported in Table 5

Table 5. Estimated net-of-tax elasticities for thetructural model

Growth in hours/labor income  Net-of-tax rate elzisti Std. Error

Males in couple 0.103 (0.xxxx)
Single males 0.059 (0.xxxx)
Females in couple 0.052 (0.xxxx)
Single females 0.048 (0.xxxx)

" The 2007 brackets are deflated to a 2004 incowe by using the median wage growth over the period
12 pandom draws are used to determine the specifiiqieel hour choice pre and post reform.

13 Asin the experimental approach, the regressioessicted to individuals with predicted pre refoincome in percentile
33 or above. Note that the predicted income distidin is very similar to actual income distributidane to the inclusion of
random wage residuals.
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We see that the comparable net-of-tax rate elascare somewhat lower than the wage elastidties,
the range between 0.05-0.10. Moreover, althouglkdtimated wage elasticities are clearly higher for
women (0.18-0.27 for females versus 0.07-0.16 fales), the net-of-tax elasticity results suggest th
females are about equally or less responsive tteesnThis follows from the model’s predictions of
stronger similarity between female and male wagstilties at the high end of the income

distribution*

4. Reconciling the evidence

This study brings together two approaches whichwadely used and accessible for practical policy
evaluation. It is, however, important to keep imchthat the two types of models are based on
different assumptions and frameworks. Let us tlueecfirst review some of the main differences, such
as discrete/continuous choice, responses througkinvgohours/total labor income, the underlying
time frame and more generally, the distinction ewa structural approach with simulation and an
experimental approach.

Firstly, the structural model we have estimatelbised on discrete choice instead of marginal
optimization. In the discrete choice structural misdve estimate a certain probability distribution
different options of working hours.There are different practical alternatives whiah be employed
in the simulation of such models, but in the préseodel the simulation of alternative policies
implies that the overall probability distributios altered as the economic conditions change. This
means that an individual who choose a part-timéanabpre-reform year will also be affected by ta
reform where only the surtax rates are alteretheénETI-literature it is instead (somewhat simplifj
assumed that individuals are either treated otreated by the reform, and typically an individual
working part-time will be seen as a non-treatedviddal in this context. The ETI-literature is bdse
on marginal optimization and therefore is more kinto the continuous hours structural labor supply
models (the line of research often associated tivi#iHausman model).

Secondly, the models differ in the type of respsrthat tax changes induce. As already
emphasized, the ETI literature may cover a whabgezof responses, including tax planning and tax
avoidance, as it typically focus on total taxalpleame. In our study we approach a more narrow focus
on wage earners’ responses in labor income (howabe times hours). Still, we should capture
responses in both working hours and wage ratedtdeen argued that the assumption of a fixed

exogenously given individual wage in the structlabbr supply model is too strict. In the ETI-

14 Wage elasticities for each decile of the wageiistion uncover how the model predicts responsesty over the
income distribution.

15 Recall that the model is a “job choice” model, whis turned into a choice between different catiegoof hours of work.
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literature it has been argued that also the wagecen be seen partly as a choice variable for the
individual as he or she may alter the wage thrdngteased efforts per hour or job shifts.

Thirdly, the methods probably differ somewhat te time frame. The structural model is a
static model where a new long run steady-state iy is attained. In the experimental method,
on the other hand, we use the ad hoc choice ohBsgans. As well as the structural model might be
inappropriate for describing short-term respongés not obvious how such results can be compared
to the time framing of the experimental method.

Lastly, in the structural approach one simulabesresponses of a tax change based on a cross-
sectional model with a highly theoretical framewoskereas in the experimental approach one
estimates elasticities based on direct observafiamcome before and after the tax change. The
advantage of the structural approach is that théetn@an be used for any hypothetical tax refornd, an
it should be valid for any time period as we seekdtimate the deep underlying structural pararmeter
However, as the model may be too simple or suffenfmisspecification, it may be tempting to argue
that the experimental approach is a test of howtelstructural model performs. In this view the
experimental approach would “uncover” the true oeses. However, this is not necessary
straightforward. Ideally in an experimental appioage would namely not only require pre- and post-
reform data, but also counterfactual income leirethe case where no reform occurred. Given the
lack of counterfactuals, a main practical problenthie conventional experimental approach we have
adopted here is that the tax rate instrument isetaded with other explanatory variables for wage
growth, such as mean reversion and trends in ttwria distribution, unrelated to the tax reforms.
One may therefore raise serious concerns to whaheane is able to reveal unbiased estimateseof th
ETI™

Despite the major differences in the methodolddieemework for the two models, the
estimates are reasonable similar. In Table 6 wateethe comparable results of the structural model

and the experimental panel data estimation.

Table 6. Comparison of net-of-tax rate elasticitgstimates from structural labor supply model
simulations and direct observations of income (ETiramework)

Structural Model Panel Data
Males in couple 0.103 (0.xxxx) 0.045 (0.0061)
Single males 0.059 (0.xxxx) 0.030 (0.0059)
Females in couple 0.052 (0.xxxx) 0.041 (0.0049)
Single females 0.048 (0.xxxx) 0.034 (0.0031)

The net-of-tax elasticities are small in both ttractural and the quasi-experimental model, in the

range 0.03-0.1. It is somewhat surprising thatstnectural model actually predicts somewhat larger

1811 another paper (Dagsvik, Thoresen and Vattg2P@% discuss a method for estimating the ETI whisé alternative
estimation techniques.
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responses than the experimental approach, althibogly covers the responses in working hours. It
might, however, be important to notice that thedtiral model is estimated on actual in contrast to
contractual hours of work (see Appendix A). Thisame that we allow for responses which does not
necessarily correspond to a job shift in the séimaeyou shift from a contractual full time jobdo
contractual over time job, but it could mean thaa yshift” to a contractual full time job in whigjou
take on more responsibility (still at the same virmgkplace) where you know you often need to work
overtime (possibly unpaid), but with a correspondiise in monthly pay. This means that the
structural model capture a broader set of respaha@swould could be expected from responses in
contractual hours.

It is often acknowledged in the labor supply bttetre that high income individuals are
typically less responsive to working hours, aséhisra natural or institutional limit to working i
per week. In the ETI framework on the other hand typically finds large elasticities also for high
income individuals, which can be explained by othargin of responses such as income shifting and
tax planning behaviour, and through effort decisiand thereby productivity per hour. Our estimates
are much smaller than typically found in the litera, possibly because we focus on the real
responses in labor income, in contrast to taxatdeme. Also, we have chosen to look at a strictly
defined group of prime age wage earners with wageme in the median and upper part of the
income distribution. This group might be less remee than self-employed, capital earners and
individuals with less strong attachment to the tabarket.

For both methods we estimate the uncompensateticias. It is uncommon and
complicated to report compensated elasticitiebéndiscrete structural labor supply literature, see
however Dagsvik and Karlstrgm (2005) for a metlwddrive measures of compensated effects in
discret choice models. The income effect is typyoastimated to be small in the ETI-literature such
that it is often assumed that the compensated acohopensated elasticities are similar (see e.q,Sae
Slemrod and Giertz, 2009).

In general, it might be argued that the Norwegnmatitutional setting produces smaller
elasticities; the argumentation presented by Sldrara Kopczuk (2002) may be used in support for

Norwegians being less responsive.

5. Summary

Empirical estimates of labor supply responses &mghs in taxation can be derived from various
methodological approaches. Two main sources ofrimdition are simulations of responses based on
estimated structural labor supply models and gegérimental panel data estimations, comparing
incomes before and after a particular tax change.f@rmer approach typically report elasticities of

predicted hours worked with respect to gross howdyge rate. The latter approach uses tax reforms

17



for defining quasi-experiments, in the sense they generate net-of-tax rate changes along the
income scale, often producing substantial tax charfigr some tax-payers, whereas others are more or
less unaffected. The key concept is the elastafitpxable income with respect to net-of-tax rdte (
marginal tax rate). In this paper we have showhlzge elasticities from the structural model are
typically not directly comparable to the net-of-&lasticities. Instead the respective tax reform is
simulated and regressed on instrumented net-afatas in order to obtain comparable results.

Our main finding is that both sources of inforibatgive rather low response estimates. As a
“cross-bearing” of the information from these twaugces of information about responses, the
evidence presented here point in the same diredtiorwegian median and high income wage earners

react rather modestly to tax changes.
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Appendix A. Specification and estimation of discrex choice model

The discrete choice model presented in Sectioms24timated for single females, singles males and
for coupled females and males. For persons in esupé also estimate individual models, but take the
income of the spouse into account by includingrtimegiome in the non-labor income variable.

To simplify the choice, we group the jobs intochtegories based on weekly hours of work:

h,0(0-5,5-10,10- 15,...,45 50,56 . As denoted in Section 2, the particular job cagiwdel

involves incorporating differences in opportunitie® the labor supply modeling, represented by

individual differencesf , and variations in opportunities with respect ¢oits work g, (h) . We

assume that the densities of offered hours areumjfexcept for peaks at long part-time (25-30) and

full-time (35-40), whereas we let the individudifeliences be determined by the level of education.
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The deterministic part of preferences is reprexehy the following “Box-Cox” type utility

(c-c)-1, (A-n)* -1

1 1

function,v(C,h) =a, , whereC, measures a minimum consumption

level given by60,000/ﬁ whereN is the number of individuals in the househdids defined as 80

hours per week aris working hours per week such tl'(a_t— h) measures leisure per week, ahid

a vector of taste-modifying variables. As seenent®n 2.1, Consumption is given &= f (hw,1).

For couples, the income level of the spouse ismasdiexogenously given and is included in non-labor
income. We have accounted for that non-labor incorag differ for different labor supply choices, as
some transfer depends on this choice.

Information about actual and formal working timemiain and secondary jobs and information
on labor force status are obtained from the Lalmocé Survey of 2004 (Statistics Norway, 2005).
This is the main source of labor market statistiddorway; about 24,000 individuals from
representative selected families participate. Easpondent is asked about hours of work and
attachment to the labor market in a reference veek eight subsequent quarters. Information about
incomes, family composition, number of childrenyeation, etc, are obtained from the Income
Statistics for Persons and Families (Statisticsadgr 2006a) and merged with the Labor Force
Survey by using a personal identification numbBessed on information about labor force status from
the Labor Force Survey, we have included wage eaara “potential” wage earners, coded as
employed and home workers. Unemployed, self-emplogisabled and students are excluded from
the sample. We restrict to persons aged betweam@%2 and we define a person as non-participating
if he or she works less than five hours per week.

Working time is measured as actual hours of wotaith the main and second job, by using
the average of reference week information for fuarters, provided by the Labor Force Survey. A
key assumption is that this average gives a gooxlypsf a “normal” working week. An alternative to
this measure of working hours is to use contradtoats of work. Not surprisingly, for two groups of
wage earners with contractual hours of 37.5, tleeage yearly wage income for individuals with
actual hours above 37.5 is considerable higherfitraindividuals working contractual hours or less.
The reason is that individuals work overtime, aatgaid for that through their standard wage oehav
the option to charge the employers for their ewtoakload. We deem that it is important to account
for this characteristic of the labor market, alsgeg that we focus on tax changes at high income
levels in the present study.

If the respondent is only participating in the LaBorce Survey one quarter or if information
on actual hours is missing (for example due te#h) then contractual hours is used instead.
Contractual hours are also used if there is a ldiffierence between contractual and actual hours,

assuming that the latter may suffer more from messant errors.
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Since the Labor Force Survey does not containnage information, we computed hourly
wage as yearly wage income (obtained from reglsised tax return data) divided by annual hours
per week (measured as 48 times average weekly)hdimsn, the log of computed wage rates are
regressed on individual characteristics, using ekhte@n two-stage regression (Heckman, 1979), to
account for the selection of individuals not papting (coded as home-working in at least onénef t
four quarters), for females and a standard OLSessipn for malé$ Number of children and wealth
are used as exclusion restrictions, under the s that these variables affect participation niot
hourly wage. We excluded individuals with improlaldw or high computed hourly wage rates
(under 60 or above 1,200 NOK in 2004) in the waaggassion. A random effect is accounted for by
adding an error term, based on a draws (30 dranisgh@idual) from a normal distribution with
standard errors according to the residuals in thgewegression.

Tables Al and A2 report results of the wage equategressions, whereas Tables A3 and A4

provide results of the labor supply model.

Table Al. Results of wage regressions for single tea and males in couple.

Log(hourly wage) Single males Males in couple
Coefficient Std error  Coefficient  Std error

Experience 0.0222*+*  (0.0023)  0.0271**  (0.0029)
Experience squared -0.0004***  (0.0001) -0.0005*+*0.q001)
Low education -0.1121**  (0.0205) -0.0847**  (0.08B
High education 0.2313***  (0.0135) 0.2642***  (0.01p8
Residence in dense populated area  0.0834**  (00119.1171***  (0.0127)
Non-west origin -0.1264** (0.0330)  -0.1530** (0A71)
Business code (ref. Public)

Industry 0.1275**  (0.0151) 0.1634***  (0.0144)

Commerce 0.0241 (0.0160) 0.0877**  (0.0160)

Financial 0.1118**  (0.0179) 0.1560***  (0.01y1
Constant 4.8970***  (0.0262) 4.8678***  (0.0386)
Observations 3303 3 808
R-square 0.169 0.194

7 The number of home working males are too smakctmmount for selection effects
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Table A2. Results of wage regressions for singlenfiales and females in couple, Heckman two-

stage selection regression.

Single females

Females in couple

Coefficient  Std error  Coefficient  Std error
Experience 0.0161***  (0.0020) 0.0124***  (0.0027)
Experience squared -0.0003***  (0.0000) -0.0002***0.F000)
Low education -0.0651***  (0.0199) -0.0835*** (0.02y
High education 0.2027***  (0.0119) 0.2055***  (0.0115
Residence in dense populated area  0.0650***  (0)J1090.0569***  (0.0107)
Non-west origin -0.0183***  (0.0371) -0.0373 (0.0352
Business code (ref. Public)
Industry 0.1379***  (0.0179) 0.1202***  (0.0159)
Commerce -0.0031 (0.0132) 0.0072 (0.0126)
Financial 0.0953***  (0.0158) 0.1193**  (0.01%7
Constant 4.8695***  (0.0248) 4.9203***  (0.0394)
Participation
Experience 0.0837***  (0.0236) 0.0782***  (0.0206)
Experience squared -0.0017*** (0.0005) -0.0017**0.q004)
Low education -0.2429 (0.1874) -0.2984* (0.1236)
High education 0.5332***  (0.1386) 0.5548***  (0.10p7
Residence in dense populated area  0.0002 (0.1266).016® (0.0952)
Non-west origin -1.0394***  (0.2213) -0.7323*** (03P6)
Business code (ref. Public)
Industry -0.1391 (0.1724) 0.2731 (0.1591)
Commerce 0.4291** (0.1618) 0.1399 (0.1101)
Financial -0.2086 (0.1539) -0.4005*** (0.1051)
Number of children under 3 years -0.3321* (0.1373)-0.2293 (0.1217)
Number of children under 6 years -0.1817 (0.1559) 0.1583 (0.1126)
Number of children under 12 years -0.2481* (0.1046)-0.2210*** (0.0652)
Net wealth in 1000 NOK -0.0021* (0.0009) -0.0012  .0@9)
Constant 1.4425***  (0.2563) 1.3562***  (0.2998)
Mills lambda -0.2147**  (0.0629) -0.2208**  (0.0723)
Observations 3013 3927
Censored observations 89 166
Wald chi2 555.70 623.05
Prob<chi2 0.0000 0.0000
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Table A3. Parameter estimates of the labor supply ndel, single females and single males

Single females
Std Error Coefficient Std Error

Coefficient

Single

males

Consumption

Constant (Scale 1) ao 0.4591*+*  (0.0569) 0.9871*** (0.1487)
Exponent o 0.8489***  (0.0626) 0.6090*** (0.0819)
Subsistence Level Co 60,000/N 60,000/N
Leisure
Age " -0.0128 (0.0200) -0.0310 (0.0447)
Age Squared V2 0.0003 (0.0002) 0.0005 (0.0005)
High Education V3 -0.0899 (0.0625) -0.0014 (0.12047)
Low Education V4 0.0136 (0.0865) 0.0104 (0.1257)
# Children under 6 years Vs -0.1097* (0.0548) -0.2395*  (0.1005)
# Children above 6 years V6 -0.0425 (0.0440) -0.1465 (0.1036)
Residence in dense pop area Vg -0.1427* (0.0610) 0.0071 (0.0713)
Non-west Origin Yo 0.0697 (0.1405) 0.2313 (0.2668)
Constant Po 1.2579**  (0.4552) 2.2971* (1.0347)
Exponent b1 -3.1311*** (0.3697) -1.9795** (0.6750)
Leisure x consumption A -0.0064 (0.0138) -0.0189 (0.0824)
The parameteré:: log(6™) = fo, +f.,S
Constant fr1 1.6753 (0.9231) 0.5820 (3.3885)
Years of education fe2 -0.1292 (0.0769) -0.0694 (0.2769)
Opportunity density of offered hours
Part-time peak 0.1961** (0.0629) -0.2884** (0.0947
Full-time peak 1.1590*** (0.0486) 1.4055*** (0.@4)
Observations 3,036 3,356
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Table A4. Parameter estimates of the labor supplyemales and males in couples

Female in couple
Std Error CoefficientStd Error

Coefficient

Male in couple

Consumption

Constant (Scale 1f) ao 0.7267**  (0.0932) 2.3866*** (0.4197)
Exponent oy 0.8768***  (0.0416) 0.6058*** (0.0640)
Subsistence Level Co 60,000/N 60,000/N
Leisure
Age 71 -0.0063 (0.0283) -0.1147** (0.0443)
Age squared V2 0.0004 (0.0003) 0.0014** (0.0005)
High education V3 -0.2486*** (0.0543) 0.3163** (0.1006)
Low education V4 0.0466 (0.0964) -0.3404** (0.1207)
# Children under 6 years Vs 0.0253 (0.0517) -0.2444* (0.0802)
# Children above 6 years V6 -0.0120 (0.0329) -0.2931***(0.0703)
Residence in dense pop 7 -0.2607*** (0.0610) 0.0516 (0.0776)
Non-west origin 8 0.1316 (0.1184) 0.1858 (0.1787)
Constant Lo 1.4376* (0.6439) 5.9957*** (1.2984)
Exponent S -2.7010*** (0.1771) -1.9748* (0.1850)
Leisure x consumption A 0.0000 (0.0023) -0.0980*  (0.0403)
The parameteré:log(8*) = f, + f.,S
Constant fr1 2.3445**  (0.5427) -3.6852 (4.4697)
Years of education fe2 -0.1529**  (0.0471) 0.2181 (0.3156)
Opportunity density of offered hours
Part-time peak 0.2828***  (0.0482) -0.1491 (0.0909)
Full-time peak 0.9917***  (0.0450) 1.3829*** (0.02)
Number of Observations 3,982 3,832

In order to further evaluate the estimation rediksfigures below display the actual
frequencies of working hours and the correspongiopability distribution, based on model
simulations, for single females, single males, fienaamd male in couple respectively. The simulated
probabilities are derived by calculating the averpgpbability for each hour choice, based on the

individual probabilities.
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Females in Couple
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Appendix B. Estimation of the elasticity of taxablancome

A general specification

As discussed in Section 2, the standard framewmrkdgtimation of the elasticity of taxable incorae i
to employ panel data information, typically estimgta model in differences for a 3-year span. In ou
case we utilize data over the time period 2000-2088 individual specific effect is eliminated by
first differencing. Other time invariant explanateariables are added in as explanations to income
growth® Thus, lettingA symbolize the differences we have that the diffeeein (log) taxable

income is explained by differences in marginalrabes, 17, , differences in virtual and non-labor

income (included spouse incomdy,, and a set of socio-demographic variabl€s,

Iog(iJ =K+A Iog(ll_ fi ] +A, Iog( ;‘ J+ X,w+ ¢

it-1 T it t-1

(B.1)
=k +AAlog(1-7,) + A,AlogR + X, w+ ¢, .

The key parameter ig , which measures the uncompensated elasticityxabta income. In the

following we will present result for estimations Bfjuation (B.1), using panel data derived from
administrative registers, with Income StatistiasPersons and Families as main source (Statistics
Norway, 2006a). The income register contain infdromafor the entire population in Norway (about
4.6 million in 2004). We will, however, restrictalsample to wage earners, defined as having wage
income as their main source of income. We exclade&iduals with positive income from self-
employment or pensions. In addition, we restrietghmple to individuals with taxable labor income
above percentile 33 (about 250 000 NOK in 2004h@base year in our main analysis. As in the
structural model we restrict the sample to indigiduaged 25-62. We are left with about 5 million 3-
year differences.

As the tax variables are endogenous, the main @abgtrategy employs instrumental
variable techniques (IV), and let the time sparec@tax reform to obtain exogenous variationsun t
rates. Aarbu and Thoresen (2001) used the 1992mefeere the 2006 reform is exploited. In order to
let the exogenous variation determine the tax obaiing standard procedure is to let the tax chbhage
calculated on basis of first period income; seesAwnd Carroll (1999), Moffitt and Wilhelm (2000),
Gruber and Saez (200%)and use an IV procedure to establish a prediaedftax rate. In terms of

two-stage least squares, in the first stage predlicet-of-tax rate changes are calculated by reigiges

18 Assuming that their relations to income change tivee.
19 Also similar to one of the two identification segies used in Aarbu and Thoresen (2001).
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the actual change, calculations of net-of-tax ratessed on incomes in periodandt-1,
[1-7,(q,)]/[1-7,4(a.,) ], against the net-of-tax rate change instrumeetétttiuded variable)

and all other explanatory variables, where theumsént is based anl income inflated to thelevel
by using the actual wage growth over the perioa dtange in virtual and non-labor incorRejs
instrumented by using the same exogenous tax harege and by inflating non-labor income in the

base year.

Definition of the dependent variable

In our study, the dependent variable is the gramthbor income which is the tax base for labor
taxation, but not due to any deductions or exemptid he elasticity we obtain can therefore be
denoted as the elasticity of earned income. Thexzeffom changes in the capital taxation is acasdint
for through including an income shifting controhstructed by the exogenous change in marginal tax
on capital interacted with the individual’'s capitatome in the base year. Since we are restrittiag

set to wage earners, defined by that the main iecoomes from wage income, we simplify by

assuming that other sources of income can be treatexogenous.

The tax variables and other regressors

The tax reform which is used to generate exogewmatation in tax changes in the present analysis is
described in Figure 1. We see that the reform obdmgaximum marginal tax rates from 55.3 percent
in 2004 to 47.8 percent in 2007. We let these sdlesdlecide marginal tax rates for actual taxation
2004 and 200774, (G 500) aNd To007(2007) » @Nd the “synthetic tax ratef,qq (1 + 9)d 000

whereg is an income growth factor. We will, however, usdightly broader definition of marginal

tax rates than what is presented in Figure 1, sitadlby increasing the individuals’ income by 5
percent and calculating the average tax rate oadded income. For identification reasons (see
Section 2.2) it is preferable to have variatiomair rates which is not only directly dependent aseb
year taxable income. In that respect it is advaedag to have two different tax classes, separate or
joint taxation of the couple, with different vait@t in tax rates. Moreover, it is advantageous that
there is a separate net-of-tax rate schedule foplpdiving in the northernmost areas of Norwaylf(ha

of the county Troms and the county Finnmark).

The mean reversion control

The mean reversion problem has received extenttimetian in the ETlI-literature. In the ETI context

the mean reversion problem refers to the way thieimented tax variables are constructed: as first
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period income is used to define tax change instnisn@nd tax reforms that are used to obtain tax
change variation often imply either systematic s or increases in tax rates (predominantly
focusing on changes in top marginal tax rates)fabethat individuals are temporary away from thei
permanent income path bring in systematic biasestimates. For instance in terms of the Norwegian
2006 tax reform, some individuals with high incomeeriodt and therefore (mistakenly) placed in
the treatment group with large reductions in maabiax rates, will return to their normal income

level in period+1, and an income reduction will be recorded. Ggroadingly, people with

temporarily low income (non-treated) will be searrecreasing their income frotrl tot, despite
unaltered marginal tax rates. Thus, elasticitynestizs will be negatively biased if not preventive
measures are introduced.

To alleviate the mean reversion bias, Auten armdal41999) suggest adding (log of) yeat
income as a control variable. As shown by manyyeesl, Aarbu and Thoresen (2001) included, this
control has a large influence on tax elasticityneates. Gruber and Saez (2002) suggest an extension
to the first period income control technique byoadsiding 10 splines defined in terms of first perio
income. We will also include centered polynomidishe base year income in some specifications
which has been proposed as an alternative to spliflee main problem by employing rich controls
for mean reversion based on first period infornratothat identification of the effect of the ndttax
rate may become blurred, as the mean reversionat@md the tax change instrument depend on the
same variable (periodl income); see for instance Saez, Slemrod andz32010)>° As already
denoted, our empirical study benefits from othemreses for variation than income alone (geography
and different tax-classes), but we also includéogsrwithout tax reform in the data, in order to

distinguish between mean reversion effects andeasponses.

Accounting for distributional trends

The spline function in the log of first period imge is not only a control for (differentiated) mean
reversion effects along the income scale, it mag bk seen as accounting for evolutions of income
distributions. For example a trend towards incregsiequality may give spurious correlation
between lowered tax rates for high income indivisaad their growth rates. For example the large
elasticities measured by the tax reforms in thei@@lse US, was most likely influenced by the latk
control for the increasing inequality, which happeifior other reasons over the same period.

Controlling for trends in income distributionseispected to be less important in the case of
Norway, as we mainly focus on effects on earnedmme Capital income has been the main
contributor to the increased income inequalityrafte 1992 reform, see for instance Lambert and
Thoresen (2009).

20 A collinearity problem would emerge, leading itess robust estimates.
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The danger of income distribution evolvements bigishe elasticity estimates is also reduced
by controlling for a large number of other indivedeharacteristics. We have had access to a number
of socio-demographic characteristics, such asyages of education, type of education, maritaustat
number of children, geographical location and afearigin. Hypotheses of how these characteristics
affect income growth can be made: for instancegxgect the presence of young children to limit

income growth and education length to have a peséffect.

Estimation results

Table B.1 provide the full regression output of main results. In the first set of regressions afid
(2), we have included log in base year incomehénsecond, (3) and (4), a 10-piece spline, anken t
third, (5) and (6), a centered third degree polyiabwf the base year income as mean reversion
control. We present the result both with and witha@antrol for virtual income.

We find the specifications (3)—(6) most convinciag,we believe it is not sufficient to include
a linear control for the mean reversfoiWe see that the results are less influenced mgusther

splines or polynomials as control variables.

L \When including only a linear control for mean nesien, the estimated elasticity becomes very depeinah sample
restrictions.
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Table B1. Estimation results: wage income growth athe dependent variable

Dependent variable:

Mean Reversion Control

10 Splines of base year 3 degree polynomial of
Log base year income income base year income

€)) ) @) (4) (©) (6)

Net-of-tax elasticity

Non-labor income
elasticity

Income shifting control
Male

Wealth

Age

Age squared

Married

Newborn

No. children under 6
No. children above 6
Non-west origin
Residence in Oslo
Dense populated area
Years of education
Occupation dummies
log(income/median)
10 linear Splines

3 polynomial

Year dummies

Constant

Number of observations

0.0312%*  0.0154** 0.0562** 0.0370** 0.0531**  0.0356***
(0.0021) (0.0030)  (0.0023)  (0.0032)  (0.0023) (0103

-0.0094*** -0.0091*** -0.0105***
(0.0012) (0.0012) (0.0012)
0.0112%** 0.0107*+* 0.011%* 0.0106*** 0.0111*** 0.0105***
(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0200
0.0412*** 0.0333***  (0.0418** 0.0338*** (0.0416** 0.0337***
(0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (030
-0.0003***  -0.0002*** -0.0003*** -0.0002*** -0.0003*** -0.0002***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0@O
0.0015*** 0.0010***  0.0015**  0.0010**>* 0.001%** 0.0010***
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (01D0
-0.0000***  -0.0000*** -0.0000*** -0.0@3** -0.0000*** -0.0000***
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0@O
0.0114*** 0.0097*+*  0.0113**  0.0095*** 0.@12**  0.0096***
(0.0002) (0.0003) (0.0002) (0.0003) (0.0002) (030
-0.0592***  -0.0500*** -0.0596*** -0.0503*** -0.0595*** -0.0502***
(0.0004) (0.0004) (0.0004) (0.0004) (0.0004) (040
0.0202*** 0.0181***  0.0202*** 0.0181** 0.0202**  0.0182***
(0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (030
0.0081*** 0.0085***  (0.0082*** 0.0086*** 0.0081***  (0.0086***
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0100
-0.0431***  -0.0420*** -0.0432*** -D421*** -0.0432*** -0.0421***
(0.0007) (0.0007) (0.0007) (0.0007) (0.0007) (000
0.0024*** 0.0012*+*  (0.0023**  QQ2*** 0.0024***  (0.0013***
(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (020
0.0096*** 0.0093***  0.0096*** 0.0093***  (0.0096***  (0.0093***
(0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (030
0.0133*** 0.0127**  (0.0133*** Q126*** (0.0133*** (0.0126***
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (01D0
Yes Yes Yes Yes Yes Yes

-0.1124***  -0.1055***
(0.0004) (0.0004)
Yes Yes

Yes Yes
Yes Yes Yes Yes Yes Yes

-0.0192%*  0.0055  -0.0174**  0.0069  -0.B8  0.0074*
(0.0029) (0.0031)  (0.0034)  (0.0036)  (0.0029) (81O
4,933,291 4,331,276  4,933,294,331,276 4,933,291 4,331,276

32



Table B.2 provide the full regression output whategorizing the sample with respect to
gender and civil status. In all regressions we hiasieded a centered third degree polynomial of the
base year income as mean reversion control. Reshdtg less variation with respect to these

categorizations.

Table B2. Estimation results: wage income growth athe dependent variable by couple and

gender
Female, single Male, single Female, couple  Malepte
Net-of-tax rate elasticity 0.0340*** 0.0298*** 0.aQ*** 0.0448***
(0.0061) (0.0059) (0.0049) (0.0031)
Income shifting control 0.0112*** 0.0120*** 0.008%* 0.0112%**
(0.0005) (0.0005) (0.0004) (0.0002)
Wealth -0.0005*** -0.0001* -0.0008*** 0.0000
(0.0001) (0.0000) (0.0000) (0.0000)
Age 0.0002 -0.0027*** 0.0074*** -0.0014***
(0.0003) (0.0003) (0.0003) (0.0002)
Age squared -0.0000 0.0000*** -0.0000*** -0.0000*
(0.0000) (0.0000) (0.0000) (0.0000)
Married 0.0178*** 0.0067*** 0.0136*** 0.0124***
(0.0011) (0.0010) (0.0005) (0.0004)
Newborn -0.1399*** -0.0073 -0.1430*** -0.0137***
(0.0026) (0.0040) (0.0008) (0.0005)
No. children under 6 0.0383*** -0.0021 0.0371*** (m63**+*
(0.0018) (0.0026) (0.0006) (0.0003)
No. children above 6 0.0147*** 0.0123*** 0.0093*** 0.0037***
(0.0005) (0.0008) (0.0003) (0.0002)
Non-west origin -0.0326*** -0.0573*** -0.0272** -0D510***
(0.0019) (0.0020) (0.0013) (0.0009)
Residence in Oslo 0.0076*** -0.007 1%+ 0.0108*** 0008*
(0.0006) (0.0006) (0.0005) (0.0003)
Dense populated area 0.0120*** 0.0058*** 0.0120*** 0.0087***
(0.0009) (0.0007) (0.0006) (0.0004)
Years of education 0.0139*** 0.0159*** 0.0156*** 0120***
(0.0002) (0.0001) (0.0001) (0.0001)
Occupation dummies Yes Yes Yes Yes
3 polynomial Yes Yes Yes Yes
Year dummies Yes Yes Yes Yes
Constant -0.0154* 0.0672*** -0.2057*** 0.1363***
(0.0075) (0.0071) (0.0063) (0.0042)
Number of observations 576,232 959,151 1,109,651 2872960

Note: 3 degree polynomial of base year incomeésl @ mean reversion control

Robustness checks

Here we present robustness test for the sampleftuiélue and for alternative time spans, since the

choice of including individuals above percentilee8®l the choice of 3 year panels both are rather ad
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hoc. In table B3 we present results for the netamfrate elasticity for alternative cut-off rufédn
regression 1 we include all individuals in perclen®5 or above and in regression 3 we includenall i
percentile 40 or above. We expect that the estiwiatet-of-tax rate elasticity is independent aéth
choice, as individuals in the control group, indegent of the cut-off point, were not affected bg th
reform. The results uncover that there are verylsiifeerences in the net-of-tax rate with respect

the choice of cut-off value.

Table B3. Robustness checks: Cut-off value

1) 2) (3)

>percentile 25 >percentile 33 >percentile 40

Coeff. Std error  Coeff.  Std error Coeff.  Std errof

Net-of-tax elasticity 0.0520*** (0.0023) 0.0531***(0.0023) 0.0534*** (0.0022)
Number of observations 5,486,168 4,933,291 4,439,785

The three year span has been proposed in thetiter allow for some time for individuals
to respond to tax changes. Still, the choice ib@dland here we present the results for alternative
spans, 1 to 4 years. The regressions include morie@ffect and again the third degree polynomial is
used as mean reversion control and the cut-ofigsen at percentile 33. The results are relatively
robust to alternative spans with lowest elastioft$.032 for 1 year differences. The likely reagan
that is that wage earners do not respond immegitdehx changes. The elasticity seems to be highes

using 3-year spans.

Table B4. Robustness checks: Alternative time spans

One year Two years Three years Four years
Net-of-tax elasticity 0.0320*** 0.0418*** 0.0531*** 0.0463***

(0.0023) (0.0022) (0.0023) (0.0026)
Number of observations 7,375,466 6,080,466 4,933,291 3,960,093

%2 Table B3 and B4 show results for the net-of tag gasticity only, but these results are baseddnge specification as in
Table B2 without virtual income control.
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