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effect is reached after about five years. Our results also suggest that the disutility of deviating from status quo,
modeled as a fixed cost of switching, is the dominant driving force of sluggishness in labor supply responses.

1. Introduction

A number of studies suggest that long-term labor supply responses to
policy changes are significantly larger than short-term responses (Kleven
and Schultz, 2014; Gelber et al., 2020). Here, we would like to explore
the underlying mechanisms behind such results. An improved under-
standing of what causes sluggish responses is crucial, as it will lead to
better predictions of the path of labor supply responses to prospective
policy reforms, and may also help policy-makers to design policies to
reduce sluggishness in responses.

State dependence in labor supply has been discussed before, see
Haan (2010); Hyslop (1999); Prowse (2012). Positive state dependence
leads to sluggish response paths to policy changes and can be reflected
by the differences between short- and long-term elasticities. As pointed
out by Heckman (1981), past labor market experience has a causal ef-
fect on current labor supply behavior. The contribution of the present
paper is to provide explanations to such patterns.

We develop a model that allows for different mechanisms that leads
to sluggish labor supply responses to policy changes, extending the static
one-period labor supply model of Dagsvik and Jia (2016). The compo-

nents of sluggish responses are econometrically identified and used to
simulate effects on the path of adjustment following from a tax policy
change.

In our model, we let past experiences work on current choices
via three different channels: first, we let past labor market experi-
ence directly affect current period preferences for leisure (Woittiez and
Kapteyn, 1998; Kubin and Prinz, 2002); second, we allow past experi-
ence to influence the job opportunities faced by the individual, through
the signaling and scaring effects (Spence, 1973; Arulampalam et al.,
2000); and third, we allow for status quo bias in choice (Samuelson and
Zeckhauser, 1988), reflecting people’s tendency to avoid change. This
third component can also be related to optimization frictions or ad-
justment costs, see Chetty (2012), Chetty et al. (2011), Kleven and
Waseem (2013), and Gelber et al. (2020). Under suitable parametric as-
sumptions, individuals’ observed working hours over time can be used
to separate the contributions of these channels, while taking account of
unobserved individual heterogeneity.

Our model adds to a previous study by Haan (2010), who first in-
troduced the idea of incorporating state dependence in labor supply de-
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cisions in a tax simulation setting.! We argue that disentangling the
mechanisms of state dependence is important for improving the predic-
tive power in a practical tax policy setting. More importantly, the differ-
ent mechanisms of our model have different implications for individuals
welfare, and call for different labor market policies to reduce potential
welfare losses caused by sluggishness. Whereas the first component of
state dependence refers to sluggishness in preferences and therefore is
attributed to individual preferences, the two other components of state
dependence may result from inefficiencies in the labor market.

We estimate the model on panel data of married or cohabiting fe-
males obtained from Norwegian administrative registers for the period
2003 - 2009. The model provides good predictions of observed labor
market transitions over time. To further validate, we apply the estimated
model to a holdout sample from the original data and find again that
the model fits the data well. In addition, we show that the out-of-sample
prediction performance of our model is on par with a much more flexible
model where past labor market status enters “semi-parametrically”.

We use the estimated model to simulate the effect of a tax cut and
map out the time frame of labor supply adjustments. The simulation
results suggest that there is an adjustment period of about five years
before the full effect of the reform is approximately realized.” The first-
year effect amounts to only about one third of the full effect. The pre-
dicted long-term effect is close to the predictions of a standard one-
period model (without state dependence), as would be expected from
the conceptual framework. We further conclude that status quo bias,
which is modeled as a simple fixed switching cost in our setting, is the
dominant source of sluggishness in responses to policy changes. To ex-
plore how strong the results depend on our parametric assumptions, we
do a series of robustness checks where we re-estimate the model under
alternative assumptions.

The paper is organized as follows: The model and its empirical
specification are described in Section 2, whereas the data is described
in Section 3. In Section 4 we discuss the estimated model and the
simulation results. In particular, we describe how preference depen-
dence, labor market constraint dependence and switching costs con-
tribute to persistence, and present a simulated time frame of adjustment.
Section 5 provides a conclusion.

2. The model
2.1. The standard one-period model

In the category of structural labor supply modeling approaches, the
discrete choice model of labor supply based on the random utility mod-
eling approach (Van Soest, 1995) stands out, as it has gained widespread
popularity among public finance practitioners (Creedy and Kalb, 2005).
This type of models can easily handle non-linear and possibly non-
convex budget sets caused by taxation and are thus more practical than
the traditional approaches based on marginal calculus. They are partic-
ularly useful to predict counterfactual labor supply effects of potential
policy proposals to assist decision-makers. For example, the Norwegian
government regularly uses a labor supply model to study the potential
revenue effects of tax changes. The labor supply model is based on a par-
ticular type of discrete choice model denoted as the job choice model;
see for example, Dagsvik and Jia (2016). According to this framework,
labor supply decisions are viewed as the outcomes of individuals choos-
ing among jobs, with additional constraints on the set of available jobs.

The job choice model is specified as follows: Each individual is
assumed to have preferences within a set of ‘jobs’, where each mar-
ket job (indexed by z = 1,2,...) is characterized by disposable income
C(z), hours of work A(z), and other non-pecuniary job attributes such

1 See also Haan et al. (2015) and Haan and Uhlendorff (2013).

2 In our context, the full effect is reached when the labor market reaches its
equilibrium, i.e., changes in the distribution of working hours are negligible. In
the following, we refer to this as the ‘long-term’ effect.
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as job-specific tasks to be performed, workplace locations and working
environment quality. Disposable income for a given job is defined as
C(z) = f(h(z)w(z), I), where w(z) is the offered wage rate for the given
job z, I is non-labor income and f(.) is the net-of-tax function. The of-
fered wage rate w(z) is assumed to be constant across jobs for a given
individual.®> The individual’s utility of choosing job z is represented as
U(C, h, z), where the utility function is assumed to be additively separa-
ble, i.e. U(C, h,z) = v(C, h) + &(z).

The sets of available jobs from which the individuals choose, are
individual-specific. Dagsvik and Jia (2016) show that it is sufficient to
identify the model by introducing a measure of job opportunities repre-
senting the number of available jobs for a given working time option A,
m(h), where the number of non-working opportunities is normalized to
one, i.e., m(0) = 1.

Hours of work for each job take a value within a given set H. It can be
shown that applying the assumption of i.i.d. extreme value distributed
error terms, £(z), the probability of a worker choosing one of the jobs
with working time # € H, can be written as,

m(Wexp((C(),h)  _ _ exp(V(C(h), b))
e m)exp(C(x),x)) X epy exp(V (C(x),x)

This expression is analogous to a multinomial logit model with payoff
V(C(h), h) in which the systematic part is the sum of the representa-
tive utility, v(C, h), and the log of normalized number of available jobs
for hours of work h, m(h). Since m(h) is not observable, it is estimated
simultaneously with v(C, h).

The microsimulation model based on the above framework provides
guidance to Norwegian policy makers about the labor supply effects of
prospective tax and transfer reforms. The results of the model are used
to predict so-called “the day after” effects, which means that the time
path of actual adjustment is neglected.

o(h) = (¢))

2.2. Extending the one-period model to allow for state dependence

The aim of the present study is to establish a model framework which
accounts for the timing of labor supply responses. This requires us to
extend the one-period model framework presented above to model la-
bor supply decisions over time (t = 1, ..., T). Following Haan (2010) and
Prowse (2012), we assume individuals make labor supply decisions
based on period-to-period optimizations.* We also assume, for the sake
of simplicity, that state dependence forms a first order Markov chain
over time, meaning that only the last period, and not the whole history
of labor market outcomes, has a bearing on current decisions. In this
setting, observed persistence in labor supply over time (on the individ-
ual level) is caused by both observed- and unobserved heterogeneity, as
well as true state dependence, where past experience influences future
decisions.

At first sight, introducing true state dependence seems to be straight-
forward in such a setting. One only needs to allow the periodic payoff
V, to depend on previous labor market experience in addition to current
period’s consumption and leisure. While there are many studies propos-
ing potential theories of the underlying mechanisms, empirical models
that explicitly specify how past labor experiences should be modeled
are rare. The typical practice is to apply a “semi-parametric” setup, i.e.,
by including dummy variables for all possible pairs of transitions of la-
bor market status in period ¢ — 1 and ¢. This setup is flexible, fits the
data well and is capable of providing estimates of the causal effect of
previous labor market status on current behavior. However as noted by

3 Ideally, one would prefer to allow for unobserved heterogeneity across both
jobs and workers. Unfortunately, identification of such a model is not guaran-
teed. See Dagsvik and Jia (2016) for a more detailed discussion of the specifi-
cation of offered wage rates.

4 We refrain from intertemporal substitution which can only be analyzed in a
dynamic life-cycle model that allows for time inseparability (see e.g. Low and
Meghir, 2017). This is beyond the scope of the present paper.
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Haan (2010), not much can be learned about the underlying mecha-
nisms. Moreover, since the number of unknown parameters increases
quickly with the number of possible labor market states, the model can
be quite complex.

There are two challenges which might explain why there are few
empirical models of labor market dynamics that specify channels of the
effects of past experience. First, the concept of state dependence is rel-
atively broad, capturing several effects not precisely defined. Second,
available data contain only limited information, which makes it chal-
lenging to disentangle the underlying mechanisms nonparametrically
(Haan, 2010). While acknowledging these concerns, we think it can still
be useful to make an attempt to develop a model that explicitly specify
how past labor experience impact current decisions. This will inevitably
require us to impose stronger assumptions. In turn, we will get a more
parsimonious model which can shed more insights into the underlying
mechanisms.

In the following, we assume that state dependence works through
three different channels: preferences, labor market opportunities and
disutility of deviating from last period’s choice (status quo).® First,
the value of leisure (time spent not working), or more precisely, the
marginal rate of substitution between consumption and leisure, can be
altered by past behavior. A number of studies suggest that individu-
als’ preferences change over time by experience (Neuman et al., 2010;
San Miguel et al., 2002). For example, individuals starting to work re-
duced hours, may experience that the additional time off is more valu-
able than previously thought, and place a higher value on the job op-
tions with shorter working time in the future. This is also consistent
with habit formation in labor supply behavior (Woittiez and Kapteyn,
1998; Kubin and Prinz, 2002). We call this preference dependence and
rewrite the systematic part of the payoff for working 4 hours in period
t as v(C(h), k(h,_,)h), where «k(h,_;) measures the effect of last period’s
labor supply decision on the taste of leisure.

Second, job opportunities may be altered by past labor market expe-
rience (see e.g. Heckman and Borjas, 1980). For instance, if employers
consider previous non-participation as a result of depreciation of human
capital (Pissarides, 1992) or as a signal of low productivity (Vishwanath,
1989; Lockwood, 1991), an individual that is inactive in the previous pe-
riod may have less job opportunities in the current period than an other-
wise identical worker. Using data from a field experiment, Eriksson and
Rooth (2014) find evidence that employers attach a strong negative
value on individuals who have contemporary unemployment spells last
over 9 months. This supports the theory that employers may use infor-
mation of past labor market behavior to sort job applicants. They also
find that work experience can be seen as an important signal of produc-
tivity, which is consistent with the notion that work experience can be
seen as a positive characteristic. We label this as labor market constraint
dependence. A novel aspect of our framework (building on Dagsvik and
Jia, 2016) is that latent labor market opportunities are explicitly mod-
eled. This enables us to incorporate labor market constraint dependence
by allowing the individual job choice set to depend on previous work
experience. Within the framework of job choice, this is equivalent to
allowing the number of jobs m(.) to depend both on the hours of work
alternative h and the hours of work choice in the previous period 4,_;.
Thus, we have, m = m(h, h,_;).

Third, individuals have a tendency to stick to their previous
choices, which is labeled as “status quo bias” by Samuelson and Zeck-
hauser (1988). While many consider this as an indication of irrational
decision-making, it can be explained by material or mental costs in
connection to changes in behavior, resulting from the presence of ac-
tual adjustment costs such as informational costs (Matejka and McKay,
2014; Steiner et al., 2017) or job search cost (Hyslop, 1999), cogni-

5 Note that state dependence can also work through wages. In a robustness
check we allow for state dependence in wages, but we do not find that this
affect our results, so we abstract from this channel in our baseline model.
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tive misperceptions such as loss aversion (Dunn, 1996), and anchoring
(Furnham and Boo, 2011). In this paper, we model the status quo bias
as a disutility of deviating from the previous choice. In other words, in-
dividuals will need to pay a “switching cost” if they choose a labor sup-
ply alternative other than last period’s choice. The concept of switching
cost is similar to the adjustment costs in the optimization friction models
(Chetty et al., 2011; Gelber et al., 2020). The term “switching cost” is
borrowed from marketing science, where consumers have costs associ-
ated with switching between the products of competing firms (see e.g.,
Dubé et al., 2010). In our context this cost will depend on both the previ-
ous job and the current job and we denote itas S(h, h,_,). In addition, we
assume that it enters the utility additively, i.e. the actual utility obtained
by choosing hours of work, after all three channels are considered, can
be written as U(C, h | h,_,) = v(C(h), k(h,_,)h) — S(h, h,_,) + €(h). Under
the assumption that £(h) is i.i.d. extreme value distributed, we can show
that the labor supply probability in period ¢ given hours in previous
period h,_;, can be written as,

m(h, h,_)exp(v(C(h), k(h,_;)h) — S(h,h,_y))
Yven MG h_exp(u(C(x), k(h,_)x) = S(h,h,_)))
exp(V(C(h), h, h,_)))

- v : @
ZXEH V(C(x), X, h;_l)

where V(C(h), h, h,_,) = v(C(h), k(h,_)h) — S(h, h,_,) + In(m(h, h,_))).
Note that the normalized number of jobs m(-) and switching cost S(-)
are not observed so they need to be estimated together with the periodic
utility o(-). Unfortunately, similar to the case for the static job choice
model, the extended model is not non-parametrically identified. To be
precise, one is able to non-parametrically identify I7(C(h), h,h,_}) up to
an additive constant, but not able to separately identify v(-), m(-) and

S(-). This implies that while we can obtain the total effect of state de-
W (Chh)6
F)

P(h|hey) =

pendence , we cannot non-parametrically disentangle effects

via the three d{fflerent channels mentioned above.

To obtain full identification, we need either obtain more informa-
tion or impose stronger assumptions. In principle, stated preference
data might be helpful in this situation. For example, if we can obtain
information on “desired” hours of work, namely, hours of work when
there is no restriction on labor demand and switching cost, we would be
able to identify v(-). See for example Euwals and Van Soest (1999) and
Bloemen (2008) for studies using desired hours of work to help with
identification of preferences. Once individual utility v(-) is identified,
the remaining job is just to distinguish m(-) and .S(-). This can be done if
there is a shock that impact only one of these two factors, for example, a
demand shock which reduces the demand for labor but not the switching
cost. However, going down this path is not straightforward. The reason
is twofold: firstly it is questionable that the “desired” hours of work ob-
tained in the survey actually represents a choice purely generated by
preferences, and secondly it is often difficult to find a shock that im-
pact only one but not the other factor, and moreover, shocks typically
impact different individuals differently, which could practically make
identification impossible.

Some exogenous variations can be quite helpful in terms of identify-
ing the partial effects. For example, changes in the tax system can gen-
erate variations in disposable income C(4). When wage rate and hours
of work are kept constant, this will help identifying the partial effect of
consumption on utility. The exclusion restriction that non-labor income
does not affect m(-) and S(-) and impacts utility via consumption only,
has a similar effect as a change in the tax system. On the other hand,
m(-) can be seen as a proxy for labor demand. We expect that regional
and time variation in the labor market tightness would have effect on
individual’s behavior only through m(-), which will help us identifying
the partial effect of m(-) from v(.) and S(.).

6 Strictly speaking, we should not use the partial derivative notation here since
the hours of work is discrete.
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However, none of these exclusion restrictions ensure identification
as we still need additional assumptions to pin down the levels, see Theo-
rem 2 in Dagsvik and Jia (2016) for similar arguments. In our empirical
analysis presented below, identification is achieved by imposing para-
metric assumptions. This raises the concern that the results we obtain
are products of the assumptions we make, and do not reflect any "deep
parameters” or the underlying mechanisms. To deal with this concern,
we do extensive robustness tests to check how sensitive our main results
are to sensible changes in the empirical specifications. Although robust-
ness of results is never a guarantee, it certainly makes our analysis more
persuasive and trustworthy.

2.3. Unobserved heterogeneity and the likelihood function

It is well-known that not only observed heterogeneity (wages, age,
children, education), but also persistence in unobserved individual het-
erogeneity leads to spurious state dependence (Heckman, 1981). Fol-
lowing Haan (2010), we model persistent unobserved heterogeneity in
a latent class framework. We assume that individuals can be classified
into K different (unobserved) types, for which some key parameters
differ. An individual’s type is assumed to be the same over time. The
fraction of individuals of type k = (1, ., K) is estimated within the model
by x, € (0,1). This leads essentially to a finite mixture model and has
the advantage that unobserved heterogeneity can be handled flexibly,
without imposing a parametric structure.

Persistent unobserved individual heterogeneity creates a pattern of
serial correlation in the error terms of the utility function. We abstract
from a more general structure of serial correlation or the related concept
of habit persistence (as defined by Heckman, 1981). A number of empir-
ical studies seem to find that serial correlation and habit persistence are
of less importance than state dependence (Hyslop, 1999; Prowse, 2012;
Seetharaman, 2004). We therefore do not expect that excluding these
remaining aspects of persistence is crucial to our interpretation of the
results.

The likelihood of an individual choosing the sequence (h, h, -+ hy)
can be written

@(hy, hy - hy) = zﬂk HPk(hzlhr—l) 3
ra

where the conditional probabilities P, (h,|h,_,) for each unobserved type
are given by Eq. (2).

Note that as individuals’ decision at period ¢ is conditional on deci-
sion at period 7 — 1, the choice at the initial period (# = 1) depends on un-
observed behavior at 1 = 0 and cannot be treated as random. In order to
solve this problem of initial conditions, we apply the method suggested
by Wooldridge (2005). This method has been applied in several studies
of labor market dynamics, including Haan (2010), Prowse (2012) and
Haan et al. (2015).

Keep in mind that the model assumes that individuals only consider
the present utility when deciding whether to adjust working hours or
not, similarly to in the main analysis of Gelber et al. (2020). In reality
individuals may also pay attention to the future discounted utility. Thus,
when switching costs and state dependence are fitted to the observed
pattern of persistence, the estimates may be affected by this modeling
choice. However, for a relative comparison of the different components
of state dependence and for practical simulations, this should not be
crucial.

2.4. Empirical specifications

In the following, we present the specification of the main model and
discuss which alternative specifications that can be relevant and should
be addressed in the robustness checks.

Hours of work and wage regression
For all individuals, we discretize the information on working time
by dividing it into five categories based on weekly hours of work: h €
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{0, 1 =19, 20 — 34, 35 — 40, 41+}. Thus, we assume that each individual
chooses a job characterized by one of these five working hour options in
each time period. Individual wages are obtained from a Heckman wage
regression; see Table A.1 in the Appendix. A tax simulator is used to
compute taxes for each option.

The periodic utility function
In accordance with Dagsvik and Jia (2016), we assume that the de-
terministic part of the utility function can be represented by a Box-Cox

function,
@ (E h)ﬂ' 1
C —C))" -1 -h) -
(G -C) + )

oy B

where C, is disposable income expressed as C, = f,(hw,, I;). Cy rep-
resents the minimum or subsistence household-adjusted consumption
level, set here to NOK 50,000 (about USD 8,500 or EUR 6,200). 7 is de-
fined as 80 hours per week, such that (h — h,) measures leisure time. As
in the standard one-period model, leisure and consumption preferences
are revealed by observed choices. In the extended model framework pre-
sented here, we model state dependence in preference by allowing for
the taste of leisure, f,, to depend on the previous working time decision,
h,_;.” We let f, be specified as follows,

o(Cph |h_y) =a

Bo = by +byx + b1 (h,_;) +b31(hg) 5)

where x; is a vector of observed individual characteristics (age and num-
ber of children), I(h,_;), is a unit vector of the individual’s previous
working time, and I(h), is a unit vector of the initial working time.® It
follows that if b’2 # 0, then the previous working time decision affects
current leisure preferences, and thus represents what we refer to as pref-
erence dependence.

Regarding the choice of utility function another alternative is the
polynomial (Van Soest et al., 2002). It has the advantage of being flex-
ible and easy to estimate because it is linear in parameters. However,
in contrast to the Box-Cox setup, this specialization is not guaranteed
to be quasi-concave and monotone in consumption. To study whether
our results are robust to the choice of different functional forms of the
utility, we report results from a version in which the deterministic part
is a quadratic utility function.

The opportunity measure

The job opportunity measure, m(h,), is considered to be a sufficient
statistics for the choice sets of available jobs and represent labor mar-
ket restrictions (Dagsvik and Jia, 2016). It can be seen as belonging to
the demand side of the labor market in combination with labor market
regulations.” Without loss of generality, let

0= mth) and g(h)=mh)/o,
h>0

where one can interpret 6 as the normalized total number of jobs (rel-
ative to non-participation) and g(h) as the fraction of jobs available to
the agent with offered hours of work equal to 4. In empirical studies, 6
is often assumed to be a function of individual characteristics, such as
education, while g(h) is independent of individual characteristics, since
hours restrictions are considered to be determined to a large extent by

7 We have tested an alternative specification where we allow that taste for
consumption, «,, also depend on previous labor market behavior. Unfortunately,
we were not able to achieve convergence due to numerical problems.

8 Wooldridge (2005) suggests estimating unobserved heterogeneity condition-
ally on initial period observations, as described in Section 2.3. A similar strat-
egy for the structure of state dependence and initial conditions can be found in
Haan et al. (2015).

9 There is a fairly strong degree of labor market regulations in Norway
concerning working time, described in the law on labor relations (“Arbei-
dsmiljgloven®).
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labor market institutional regulations and negotiations between unions
of employers and workers (Dagsvik et al., 2014; Dagsvik and Jia, 2016).
Following similar arguments, we assume that past labor market experi-
ence will impact 0, but not g(h):

m(h, h,_y) = 0(h;_)g(h). 6)
Thus, state dependence and individual heterogeneity in job opportu-

nities are accounted for by the total number of jobs available (relative
to non-participation). To be precise, we specify 6, = 0,(h,_,) as,

In(

1
) =10 +ruV./U); + rizedu, + Y’ZI(h,_|) + Ygl(h()) @)
6,(hy_1)

where V, /U, refers to the vacancy to unemployed ratio which is a mea-
sure of regional labor market tightness, and edu, symbolizes the indi-
vidual’s education level. We allow for that current labor market oppor-
tunities depend on both the extensive and the intensive margin deci-
sions of the previous period, y;I(h,_l). We let g(h) be uniformly dis-
tributed among working time options, except for a possible peak (esti-
mated within the model) for full-time jobs. This essentially means that
we assume there are equal numbers of short and long part-time jobs to
choose from, and a larger number of full-time jobs available. Note that
this specification of the opportunity measure is equivalent to introduc-
ing suitable dummy variables at the full time peak in the utility specifi-
cation of the conventional discrete choice specification, see for example
Van Soest (1995) and Creedy and Kalb (2005). In the robustness checks
below, we allow for an alternative specification of g(). Note that the
above assumption implies that the specified state dependence via op-
portunities will only impact the extensive margin but not the intensive
margin, since past labor market status only impact the total number of
available market jobs but not the number of options of different working
hours.

The switching cost

Lastly, we specify switching costs, S(h;, h,_;), which represents a
disutility caused by a change in working time from period ¢t — 1 to 7. The
most flexible specification would be to allow the cost to differ across all
possible working time transitions. This will be equivalent to including
one dummy variable for each possible pair of transition in hours of work.
Such a setting essentially leads to a “semi-parametric” model, as men-
tioned above, which would make it impossible to distinguish switching
costs from the other channels of state dependence. Instead, we impose a
minimalist assumption and define switching costs as a constant term for
the disutility associated with deviating from the previous labor supply
decision, namely.

s if b #hy_,

8
0 otherwise ®)

S(hhy_y) = {

where s is a constant. Although switching cost may be related to pref-
erences, it does not affect the individual’s marginal rate of substitution
between consumption and leisure in our framework, as is the case for
preference dependence. This simple structure of switching costs allows
us to identify it separately from preference dependence. Preference de-
pendence is defined as an upward or downward shift in the smooth func-
tion of leisure preferences (Egs. 4 and 5), whereas switching costs are
characterized as a fixed cost of altering working time from last period’s
decision (Eq. 8). This assumption is obviously rather restrictive. How-
ever, as we will show below, the model is capable to replicate the ob-
served labor market transitions both in- and out-of-sample. In particular,
the out-of-sample prediction performance of the model is on par with a
much more flexible model where past labor market status enters “semi-
parametrically”. This may suggest that our specification is a reasonable
approximation to the “true” underlying mechanism.
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3. Data
3.1. Data and summary statistics

The model is applied to data from merged administrative regis-
ters of Statistics Norway, which contain detailed information on house-
hold composition, reported income and socioeconomic characteristics,
as well as monthly wages and working time for the majority of Norwe-
gian wage earners in the period 2003 - 2009. We limit the data set to
married and cohabiting women aged 25 - 62 years, and exclude the self-
employed, disabled persons and students. To abstract from the effects of
various welfare transfers, we limit the sample to women whose partners’
total pre-tax income level exceeded NOK 150,000 (about USD 25,500 or
EUR 19,000) per year. As non-participation is a result of choice in our
model framework, we further exclude individuals who are recipients of
unemployment benefits.'? The remaining balanced data set consists of
about 240,000 observations each year.!!

Information on working time is available for about 70 percent of the
observations each year, and is based on employer’s reports and adminis-
trative registers. To avoid attrition and selection effects, we impute the
missing working time information (see Appendix).

For practical reasons we select a random ten percent sample (the esti-
mation sample) for use in the estimations and we use another three per-
cent sample (the validation sample) to check how the estimated model
perform out of sample. Table 1 provides an overview of the main char-
acteristics of the estimation sample. Over the period 2003 to 2009, on
average about 6 percent are not labor market participants, 19 percent
work short part-time, 31 percent work long part-time, 37 percent work
full-time and 8 percent work overtime.

3.2. Observed persistence in specific working times

Transition of hours of work over time can be presented in a Markov
transition matrix. It provides information about the fraction of individ-
uals starting out in a certain working time category who remain there
for the next period, and how many switch to other working time cate-
gories. The diagonal elements of the transition matrix can be interpreted
as measures of persistence. The higher the magnitude, the larger the
fraction of individuals who have the same labor status as last period,
and thus the stronger the persistence.

In order to also take account of the inflow into a specific labor mar-
ket choice,'? persistence can be measured in the form of stability, as the
number of individuals in a specific working time category in both peri-
ods divided by the number of individuals present in the working time
category in at least one of the two periods.'® This persistence rate takes a
value between 0 and 1, where a higher value implies higher persistence

10 Recipients of unemployment benefits can be regarded as involuntary non-
participants in the labor market as they must register as active job seekers and
be willing to take any job anywhere in Norway at short notice. As a robust-
ness check, we include individuals with unemployment benefits in the sam-
ple, and use their wage income (excluding unemployment benefits) to assign
working time. This does not affect our results significantly. The fraction of non-
participants is actually slightly reduced, as individuals typically receive unem-
ployment benefits over only a short period of time.

11 When restricting the panel to be balanced we lose a number of individu-
als who only fulfill the requirements in some but not all years. Only about 30
percent of individuals observed for at least one year are observed in all periods
(2003 - 2009). However, this does not seem to significantly affect either the
observed characteristics of the sample or the observed choice probabilities.

12 For instance, labor market constraint dependence may reduce the outflow
from non-participation to participation, but may also reduce the inflow from
participation to non-participation, because individuals participating the previ-
ous period obtain more job opportunities and are therefore more likely to par-
ticipate next period as well.

13 This type of measure has, for example, been frequently used in the literature
on school mobility, see e.g., Dobson et al. (2000).
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Table 1

Characteristics of the pooled sample 2004 - 2009.
Variable Mean Std. Dev. P25 Median P75
Imputed wage rate (NOK) 167 35.9 145 160 196
Non-labor income (NOK 1,000) 28.4 228 2.8 18.2 30.7
Partner’s gross income (NOK 1,000) 584 1425 367 459 618
Age 45.3 8.4 39 45 52
Child(ren) under age 6 0.26 0.44 0 0 1
Child(ren) under age 12 0.45 0.50 0 0 1
Low education (<10 years) 0.38 0.49 0 0 1
Regional vacancy-to-unemployed ratio  0.36 0.24 0.16  0.32 0.46
Number of individuals 23,679

Notes: The sample consists of married women. Income and wage rates are adjusted to
2007-NOK (NOK 1~USD 0.17~EUR 0.13). P25 and P75 refer to percentile 25 and per-

centile 75, respectively.

Table 2
Observed annual transition probabilities and persistence rates in the period
2003 - 2009.

Year t+1

Year t None Short p-t  Long p-t Full-time Overtime
None 83.9% 13.8% 1.3% 0.9% 0.2%
Short p-t 2.8% 76.2% 16.3% 4.0% 0.8%
Long p-t 0.1% 7.5% 77.2% 13.1% 2.2%
Full-time 0.0% 1.7% 9.5% 80.8% 8.0%
Overtime 0.0% 1.5% 6.4% 34.4% 57.6%
Persistence rate  0.77 0.63 0.63 0.67 0.40

The observed annual transitions of the sample of married women by work-
ing time categories. The allocation into working time categories is based
on reported working hours per week: 0 (“None”), 1-19 (“Short part-time”),
20-34 (“Long part-time”), 35-40 (“Full-time”) and 41 + (“Overtime”). The
persistence rate is defined as the number of individuals in the specific work-
ing time arrangement in both periods divided by the number of individuals
present in the working time arrangement in at least one of the two periods.

and less mobility across categories. If no one chooses the same category
two periods in a row, the persistence rate equals 0, whereas if everyone
chooses a given category repeatedly, the persistence rate equals 1.

Table 2 presents the observed annual transition probabilities in the
period 2003 - 2009 and the average persistence rates for each work-
ing time category, as defined above. We see strong persistence in ob-
served labor supply decisions. The persistence rate is highest for non-
participation (0.77) and lowest for overtime work (0.40). The aggregate
intensive margin persistence rate, is a weighted average of the persis-
tence rate for each state and is slightly lower than that of the exten-
sive margin, with a value of 0.62. In the next section, we apply these
persistence measures to evaluate how the different components of state
dependence affects persistence.

4. Results

In the following we describe the main estimation results, including
a discussion of the estimated parameters and how well the model fits
data, both using the estimation sample and a holdout validation sample.
Next, we show how the estimated model is used to simulate the path of
labor supply adjustment, and how each channel of state dependence
contributes to the sluggish response path. Finally, we demonstrate that
our main results are robust to alternative parametric assumptions and
discuss the policy relevance of our results.

4.1. Estimated parameters
The model is estimated by the method of maximum likelihood, where

the likelihood function is given by Eq. (3). t = 0 refers to the initial con-
ditions in year 2003 and ¢ = T refers to year 2009. The parameters for

the utility function, job opportunity measure, switching costs and prob-
abilities of each unobserved type of individual are estimated simultane-
ously. For each individual, the observed path of labor market decisions
is given by the sequence of working time (five categories) over the six-
year period (2004 - 2009), such that 5° = 15, 625 different working time
paths are possible.'# The estimated parameters are reported in Table 3.

The utility function turns out to be concave and to increase with
respect to consumption and leisure for all individuals, and the job op-
portunity measure has the expected sign. We find evidence of individ-
ual heterogeneity in preferences and job opportunities. In particular, we
find observed heterogeneity in preferences related to age and the pres-
ence of children, and in terms of unobserved heterogeneity in the job
opportunity measure.

Significant negative estimates of b, = (by,, by3, by4, bs) imply positive
preference dependence, as previous working time experience reduces
the subjective disutility of working the present period (or equivalently
reduces the value of leisure).

Negative estimates of y; = (Y22, ¥23» ¥24» ¥25) imply positive labor mar-
ket constraint dependence, as individuals working in the previous period
obtain a larger job opportunity measure, and are thereby more likely to
participate in the labor market in the current period. Conversely, non-
participation in the previous period implies reduced labor market op-
portunities in the current period, leading to lags in the transition from
non-participation to participation. The size of the effects depends on the
intensive margin (hours of work) in the previous period; working short
part time seems to have a limited effect on job opportunities (y,,), while
the other three working options have larger effects that are of a simi-
lar magnitude (y,3, 724, 725)- Thus, working short part-time does not help
to improve job opportunities and relax labor market constraints in the
future as effectively as the other three working time options.

The switching cost estimate, s, is positive and significant. This sug-
gests that deviating from the previous period’s labor supply decision
induces a loss in utility. In order to obtain a rough idea of the magni-
tudes involved, we compare the estimated utility loss of switching costs
to the estimated utility loss of a reduction in disposable income. Simple
calculations for a representative agent show that the estimated switch-
ing costs equal a disposable income reduction of about NOK 40,000
(USD 6800 or EUR 5,000). For a full-time working female this amounts
to 1-2 monthly salaries, which suggests that switching costs are quite
substantial.

4.2. Goodness of fit
Given the random utility framework, our model does not predict

choice directly, but rather choice probabilities. We follow a commonly
used method to evaluate the model’ s predictive ability by comparing

14 Data for year 2003 are used for initial conditions only.
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the aggregated predicted choice probabilities against the observed share
of individuals.'®

First, we check how our model predict the observed empirical pat-
terns on the estimation data set (in-sample tests).'® We find that the
model performs well in terms of the marginal distribution of choices
which is a standard check in the one-period model. More interesting
for the focus of the present paper is to evaluate whether the model can
reproduce the observed pattern of transitions in the data. We find that
the model reproduces the observed one-year transitions of the estima-
tion sample very well, see Table A.2 in the Appendix, which can be
compared to its observed counterparts in Table 2. The predicted persis-
tence rates are also similar to the observed persistence rates as defined
in Section 3. We further find that the model fits to a large extent the ob-
served heterogeneity in the year-to-year transitions matrix between low
and high wage earners, presented in Table A.3 and A.4 in the Appendix.

Second, following the method of holdout validation, we pick an inde-
pendent subsample of our original data source to perform out-of-sample
goodness of fit tests, as it has been argued that independent data sets for
estimation and validation will better allow for external validation of the
underlying behavior model than in-sample predictions (Schorfheide and
Wolpin, 2016; Parady et al., 2021).17 Moreover, the dynamics within the
model are Markovian, so testing the fit over a longer period than one-
year is a meaningful exercise to check the performance of the model.
This is done by conditioning on the first period’s observed behavior
and then letting the model predict subsequent labor supply behavior
over five years. We find that the predicted five-year transition matrix
captures in large parts the observed counterparts, see Table A.5 in the
Appendix.'8

For comparison, we also estimate a “semi-parametric” model simi-
lar to that of Haan (2010), where lagged dependent variables enter as
alternative specific effects. Such “flexible” models have more param-
eters and less restrictions, and it can therefore be expected that they
perform better in-sample goodness of fit measures. However, our model
is more ambitious in the sense that we explicit model and distinguish
between the different mechanisms of state dependence. We find it re-
assuring that our model performs similarly to the more flexible model
in the out-of-sample predictions checks summarized in Table A.5-A.7 in
the Appendix.

4.3. Simulating the adjustment path

We now use the estimated model to simulate the effect of a tax cut
on the path of labor supply adjustment. We describe the adjustment
path for a permanent cut in the general tax rate. We also compare the

15 Although this method does not provide a clear quantitative evaluation of
the model performance, it provides simple and intuitive outcome comparisons.
Quantitative goodness of fit performance measures proposed for discrete choice
models in the literature range from general measures (the sum of squared error
(SSE) and alike), likelihood based indexes (MacFadden R?) to more specific
measures designed for discrete choice model (percentage of correct predictions),
see Parady et al. (2021) for an extensive review.

16 To facilitate model predictions, we use the so-called empirical Bayes-
method (Skrondal and Rabe-Hesketh, 2004) to specify individual-specific
probabilities (the posterior distributions) of belonging to each unobserved
type, k = (1,2,3). The individual weights for each type are defined as w;, =
eI @iyl _y)/ ng“,zj; pj I @;(hlh,_p)-

17 We have also performed an alternative out-of-sample test in which we have
re-estimated the model over a shorter period of time (2003 - 2006), and then
used this estimated model to compare simulated and observed outcome in-
sample (2004 - 2006) and out-of-sample (2007 - 2009). The results are simi-
lar to the main model, and it seems to perform well in terms of out-of-sample
goodness of fit also in this case.

18 The predicted five-year transition matrix is not as accurate match to its ob-
served counterparts as the one-year predictions. This can be expected as uncer-
tainties will accumulate over time and impact the precision of a multi-period
transition matrix (Haan, 2010).

Labour Economics 71 (2021) 102004

Table 3
Baseline model coefficients.
Parameter Coefficient Std. error
Probability distribution (a, b, 7,)
Probability, unobserved type 1 Py 0.5569*** 0.0219
Probability, unobserved type 2 I 0.3648*** 0.0204
Probability, unobserved type 3 D3 0.0783** 0.0036
Preferences, consumption
Constant (scale 107*) @ 0.9579*** 0.0412
Exponent a, 0.7277*** 0.0126
Preferences, leisure
Constant (scale 1/80), unob. type 1 b, 4.9096*** 0.2299
Constant (scale 1/80), unob. type 2 bys 4.3138*** 0.2183
Constant (scale 1/80), unob. type 3 b, 3.4534** 0.1993
Exponent A -3.5190*** 0.0570
Taste modifiers
Age (scale 107") by, -0.6023*** 0.0669
Age squared (scale 1072) by, 0.0765*** 0.0074
Child(ren) under age 6 by 0.1118*** 0.0144
Child(ren) under age 12 by -0.0627***  0.0135
Preference dependence
Short part-time, period t-1 by -1.5328***  0.0863
Long part-time, period t-1 byy -2.0553%** 0.0933
Full-time, period t-1 byy -2.3131***  0.0989
Overtime, period t-1 bys -1.9576***  0.0936
Switching costs
Constant s 1.6055*** 0.0094
Opportunity measure (inverse)
Constant, unob. type 1 Yor 0.1894* 0.1915
Constant, unob. type 2 Yoo 4.0794*** 0.1816
Constant, unob. type 3 Y03 -0.0101 0.1642
Labor market tightness iz -0.6892***  0.1121
Low education (< 10 years) Y 0.0807 0.0632
Lab. market constraint dependence
Short part-time, period t-1 Y2 -0.0666 0.0876
Long part-time, period t-1 o -2.7181%** 0.1919
Full-time, period t-1 I -2.9191***  0.2736
Overtime, period t-1 Y25 -3.4037***  0.3724
Opportunity density
Full-time peak g(h,) 0.5534%** 0.0111

Notes: The estimation sample of married women contains 23,679 individu-
als. Initial working times are included (estimates are suppressed) such that
unobserved heterogeneity is estimated conditionally on the initial period ob-
servations. * p < 0.05, ** p < 0.01, *** p < 0.001.

results to simulations from a static version of the model, without state
dependence. The static model is estimated on the same data, pooled for
the period 2004 - 2009.

We describe the adjustment path by means of developments in labor
supply elasticities. The elasticities are obtained by simulating the aver-
age predicted working time across individuals before and after a gen-
eral tax cut applies. They can be interpreted as the percentage change in
mean working hours when the net wage is increased by 1 percent. The
labor supply elasticity is decomposed into a participation elasticity and
an elasticity conditional on participation, which measure the extensive
and intensive margins, respectively.

In order to estimate labor supply elasticities over time, we start from
the observed initial labor supply choices, and let the model simulate the
labor supply decisions for subsequent years according to the formula
> wi I, @i (hslh,_1), where w, is the individual weight of unobserved
type k. We compare a reference path with no tax cuts to an alternative
path reflecting a permanent tax cut. Individual characteristics, including
non-labor income and gross wage rate, as well as the tax schedule (apart
from the tax cut) are kept constant in the simulations. Thus, the labor
supply elasticities reflect the effect of the tax cut only.

Panel A in Fig. 1 provides a graphical illustration of the results. The
intensive margin responses are of a larger magnitude than the extensive
margin responses, but the transitions over time follow relatively similar
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Panel A. Labor supply elasticities

Extensive margin
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Fig. 1. Simulated labor supply adjustment and
the relative contributions Notes: Panel A. The
simulated labor supply responses to a general
tax rate cut. The labor supply elasticities re-
fer to the percentage change in participation
with respect to the net wage rate (“extensive
margin”) and hours of work conditional on
working with respect to the net wage rate (in-
tensive margin), respectively. The shaded area
represents the 95 percent confidence interval
obtained by non-parametric bootstrapping, 50
repetitions. Panel B. Switching costs are omit-
ted by replacing § (estimated parameters re-
ported in Table 3) by 0. Preference dependence
is omitted by replacing b;j by a constant aver-
age, b,. Labor market constraint dependence is
omitted by replacing y5; by a constant average,
7,. The 10th-year elasticity is normalized to 1.
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paths.'® At the extensive margins, the first-year responses of a perma-
nent tax rate change account for one-third of the long-term responses,
which are achieved after approximately five years.?? At the intensive

19 In general, one often finds that extensive margin responses are larger than
intensive margin responses (see e.g. Heckman, 1993). However, elasticities de-
pend on characteristics of the data sample due to non-linearities. We expect
that high participation rates in the Norwegian context contribute to the modest
elasticities we find at the extensive margin.

20 We define the 10th year response as the long-term elasticity, and report the
number of years until at least 90 percent of the long-term effect is reached.

margin, the first-year responses account for slightly more than one-third
of the long-term responses, which are achieved after about five years. As
with the results of Haan (2010), this suggests a rather slow adjustment
speed.?!

When comparing the elasticities obtained from our model to the pre-
diction of a one-period model without state dependence, we see that the
difference is especially pronounced in the short-term. This suggests that

2l Gelber et al. (2020), on the other hand, concludes from an analysis of income
responses to changes in the social security earnings test in the United States that
adjustment is completed after about three years.
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state dependence attenuate responses in the short-term, but eventually
reach predictions from the static model in the long-term (although there
is a small gap at the intensive margin), which suggests that state depen-
dence do not prevent individuals from adjusting in the long-term.?? This
allows us to establish another simple measure of the adjustment speed
implied by the model, which is the short-vs-long term elasticity ratio.
The smaller the ratio is, the slower the responses will be, and the longer
the full effect takes to be realized. The ratio based on our model is 0.36
and 0.39 for the extensive and the intensive margin respectively.
According to Gelber et al. (2020) it has over time been postu-
lated that long-term responses are significantly larger than the short-
term responses, due to frictions that impede adjustment in the short
term. This is supported by a number of reduced form studies finding
a gradual adjustment of employment to a policy change, although the
methodology does not give much guidance on how to interpret the
time path of the treatment effect. An alternative to the methods de-
scribed in Section 4.2 to test our model’s performance is thus to com-
pare model predictions by means of quasi-experimental findings on re-
sponses to tax reforms.?> Although a complete approach along these
lines is not within the scope of the present paper, it can be noted that
Vattg (2020) uses quasi-experimental estimation over the same tax re-
form period to conclude that the long-term elasticity is reached after
about five years, and accounts for almost twice the size of the short-
term elasticity. A slow adjustment path is also supported by other stud-
ies of earnings responses evaluating tax reforms where long-term re-
sponses are found to be more pronounced than short-term responses,
see e.g., Giertz (2010), Bakgaard (2014), Kleven and Schultz (2014),
Neisser (2017), Jongen and Stoel (2019) and Gelber et al. (2020).24

4.4. How the different components of state dependence contributes

Model estimates suggest that all three components contribute to true
state dependence. However, standard statistical tests on the parameter
estimates cannot provide useful information on the relative importance
of these three components. We therefore suggest an alternative approach
where we try to attribute the degree of sluggishness to each compo-
nent. To do this, we compare the simulated persistence rate (defined
in Section 3.2) and the short-vs-long term elasticity ratio (defined in
Section 4.3) obtained from three constrained models, where we leave
out one component of state dependence or switching costs from the full
baseline model.

To be precise, we use the estimated baseline model to perform three
simulations in which we impose the following restrictions: (i) Past la-
bor supply decisions have no impact on leisure preferences, i.e., by; is
replaced by a constant average, b,; (ii) Past labor supply decisions have
no impact on labor market constraints, i.e., y,; is replaced by a constant
average, y; (iii) Past labor supply decisions have no impact on switching
costs, i.e., s is replaced by 0.

In Table 4 we report the persistence rate and the short-vs-long term
elasticity ratio at the extensive and intensive margin for the baseline
model, and for each alternative case, (i)-(iii). Note that the observed per-
sistence rates reported in Section 3.2 (0.77 and 0.62) are almost identical
as predictions from the baseline model. The difference in the estimated
persistence rate is reported for each alternative case (compared to the
baseline model), and can be interpreted as the contribution of the spe-
cific type of state dependence. For reference, we have also reported the
persistence rate that follows from random transitions, where the tran-
sition probabilities, @(h,|h,_;), equals the state probabilities, ¢(h,). In

22 See also Haan (2010) and Gelber et al. (2020) for similar conclusions.

23 Thoresen and Vatte (2015) follow an approach along these lines to validate
the standard one-period model.

24 Gelber et al. (2020) concludes for instance that the long-term (frictionless)
estimate of earnings responses among social security recipients is nearly twice
as large as the short-term impact.
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this case there are no observed or unobserved heterogeneity which cre-
ates persistence, and no preference dependence, labor market constraint
dependence or switching costs.

Overall, we find that the switching cost, despite its minimalist setup,
contribute most to persistence. Restricting the switching cost to zero
leads to large drops in the persistence rates: from 0.76 to 0.51 and from
0.62 to 0.28 at the extensive and intensive margin respectively. Depen-
dence via labor market opportunities also contributes substantially to
explaining persistence at the extensive margin, where the rate is reduced
from 0.76 to 0.53. Recall that this component of state dependence does
not affect the intensive margin decisions; see Section 2. Preference de-
pendence is on average less important. Under the restriction that past
labor supply has no impact on the leisure preferences, the persistence
rates are still significantly reduced both at the extensive and intensive
margin by 0.15 and 0.04 respectively.?®

A decomposition of the simulated adjustment path is provided in
Panel B in Fig. 1. The short-vs-long term elasticity ratio in Table 4 also
suggest that omitting switching costs contribute the most to the sluggish
response path, as the elasticity ratio is increased from 0.36 to 0.53 at
the extensive margin, and from 0.39 to 0.77 at the intensive margin.

4.5. Robustness checks

As discussed in section (2.4), functional form assumptions are re-
quired to identify the model. In the present subsection, we investigate
the robustness of our main results by estimating different versions of the
model with alternative parametric assumptions.

In Table 5 the results of our baseline model are summarized as an
overall (unconditional) short term/long term elasticity of 0.39. When
we omit preference dependence (the method is described in Section 4.4)
the ratio is increased by 0.17 to a ratio of 0.56. If we instead omit labor
market constraint dependence the ratio is increased by 0.01 to a ratio
of 0.40. And if we omit switching costs the ratio is increased by 0.38
to a ratio of 0.77. This nicely summarize our main conclusion regarding
the overall magnitude of sluggishness in labor market decisions, and the
relative importance among different components of state dependence.

Now, to check whether these main conclusions are robust, we es-
timate a number of models with alternative parametric assumptions.
First, we replace the box-cox utility function by a second-order polyno-
mial utility function. Second, we apply an alternative specification of g()
on the basis of an a-priori distribution of job offers (not estimated within
the model). Third, we estimate an alternative specification of switching
costs, where only shifting between broader categories of working hours
matters. Fourth, we increase the number of unobserved individual types
from three (baseline model) to four. And fifth, we test a more elaborate
specification of the wage rate, in which each individual has five differ-
ent predicted wage rates depending on the previous period’s working
time choice.?®

The results from these robustness tests are presented in Table 5. The
results suggest that our main findings are quite robust across the differ-
ent specifications. There is little variation in the predicted ratio between
the short term and long term elasticities across the different model spec-
ifications. And the patterns on the relative contributions from different

25 A complete decomposition of the persistence rate is not possible because of
non-linearities; consequently, we cannot add up the contribution of each com-
ponent in order to obtain the persistence rate of the baseline model.

26 In our main analysis we use a pooled Heckman selection regression
(Table A.1 in Appendix) to assign wage rates to each individual. However, one
might expect that state dependence and unobserved heterogeneity is also present
in wages (see e.g. Eckstein and Wolpin, 1989). In the fifth specification we there-
fore test a more elaborate specification of the wage rate, in which wage rates
depend directly on the previous period’s working time choice. Random effects
are also added to the predicted individual wage rates on the basis of draws (30
draws per individual) from a normal distribution of the individual specific ef-
fects.
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Table 4
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Persistence rates and elasticity ratios. The relative contribution of preference dependence, labor market con-

straint dependence and switching costs.

Extensive margin

Intensive margin

Persistence rate

Elasticity ratio Persistence rate  Elasticity ratio

Baseline model 0.76
(i) Omit preference dependence  -0.15
(ii) Omit constraint dependence -0.23
(iii)  Omit switching costs -0.25
Random transitions -0.73

0.36 0.62 0.39

+0.11 -0.04 +0.17

+0.14 - -

+0.17 -0.34 +0.38
-0.45

Notes: The persistence rate is defined as the share of individuals in the same working time arrangement as the
previous period (see Section 3.2). Preference dependence is omitted by replacing b, ; by a constant average, b,.
Labor market constraint dependence is omitted by replacing y;; by a constant average, 7,. Switching costs are
omitted by replacing § by 0. Random transitions refers to the case when transition probabilities, ¢(k,|h,_,),equals
the state probabilities, ¢(h,). In this case there are no observed or unobserved heterogeneity which creates
persistence, and no preference dependence, labor market constraint dependence or switching costs.

Table 5
Robustness test of alternative parametric specifications.

Ratio - short term/long-term elasticities

Full model ~ Omit preference dependence  Omit constraint dependence ~ Omit switching costs
Baseline 0.39 +0.17 +0.01 +0.38
Alt. utility function 0.39 +0.27 +0.08 +0.26
Alt. cost of switching 0.40 +0.14 +0.04 +0.22
Alt. opportunity density  0.36 +0.17 +0.02 +0.32
Alt. # unobserved types  0.38 +0.18 +0.02 +0.32
Alt. wage specification 0.36 +0.18 +0.02 +0.33

Notes: The ratios of short term/long-term elasticities are simulated by a general tax cut. Preference dependence is omitted
by replacing b, ; by a constant average, b,. Labor market constraint dependence is omitted by replacing y;; by a constant
average, 7,. Switching costs are omitted by replacing § by 0.Alt. utility function refers to that the box-cox utility function is
replaced by a second-order polynomial utility function. Alt. cost of switching refers to a specification where only shifting
between broader categories of working hours matters. Alt. opportunity density refers to an alternative specification of g0
on the basis of an a-priori distribution of job offers (not estimated within the model). Alt. # of unobserved types refers to
a model with 4 unobserved types instead of three. Alt. wage specification refers to a more elaborate specification of the
wage rate, in which each individual has five different predicted wage rates depending on the previous period’ s working

time choice.

components are also similar. All specifications (slight exception in the
first alternative specification) suggest that switching costs (status quo
bias) is the most important contributor to sluggish responsiveness.

4.6. Policy relevance

In this section we summarize the main policy implications of our
results. First, we describe what our results imply about the time path
of responses, second, we discuss the policy relevance of decomposing
results into different mechanisms of state dependence in labor supply
decisions.

First, our results suggest that the expected effects of policy changes
takes time to be fully realized. This implies that policymakers should
be made aware of not only the potential effects, but also how fast these
effects can be expected to be reached. One example is the revenue es-
timation of proposed tax changes. Politicians that favor tax cuts often
refer to the positive effects on economic activity and argue that their
proposed tax cut is not as costly as when accounting for behavioral
responses. However, as our paper suggested, static behavioral models
made available for policy makers may overstate the short-term behav-
ioral responses as labor supply outcomes are predicted under the as-
sumption that workers can adjust their behavior freely irrespective of
their status quo choices. Similarly, quasi-experimental evidence is likely
to understate the long-term effect of policy changes. Thus, our results
suggest that economists offering guidance to policy makers should be
clearer on whether their predictions are likely to reflect short-term or
long-term effects.
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Second, what is the policy implication of decomposing results into
different categories of state dependence? First of all, it can be noted
that in the public economics literature there has been much attention
on frictions which prevents people from optimizing. But sluggish re-
sponses can also be caused by preference dependence such as innate
sluggishness in people’s preferences or habit persistence which from the
individual’s perspective is optimal. We therefore argue that while prefer-
ence dependence can be seen as optimal for the individual (in a welfare
sense), the sluggishness induced by labor market constraints and status
quo bias (switching costs) hinder individuals to choose their optimal la-
bor supply choices, which leads to a welfare loss for the society. It is still
important to try to distinguish the two latter categories as they call for
different labor market policies to reduce welfare losses: In the case of
strong state dependence via labor market constraints, one may want to
consider demand side policies, which reduces the cost of employment
by introducing wage subsidies or reducing social security contributions.
In contrast, if status quo bias (switching cost) plays an important role, as
we find in our paper, one might want to focus more on supply side poli-
cies that reduce the switching cost, such as providing more information
to potential job seekers (Altmann et al., 2018). Also, one might want to
resort to behavioral studies and consider possible “nudges” to prevent
“irrational” status quo bias and develop more cost-effective policies, see
Belot et al. (2019) and Babcock et al. (2012).

To summarize, our results suggest that sluggishness in responses
is to a large extent caused by status quo bias (switching costs) which
can potentially be altered by policy, and to a smaller degree to innate
preference dependence caused by “optimal” sluggishness in people’ s
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responses. We acknowledge that we rely on functional form assump-
tions to distinguish the different components, nevertheless, as shown in
Section 4.5, our main conclusion seems to be rather robust to alternative
functional form specifications.

5. Conclusion

The aim of this paper is to develop a model that explicitly takes ac-
count of state dependence in labor supply decisions in order to better
understand the labor supply behavior in response to policy changes and
simulate the path of labor supply adjustments. We consider three pos-
sible channels in which past labor supply behavior impacts current de-
cisions: via preferences, labor market constraints and (fixed) switching
costs, while controlling for observed and unobserved individual hetero-
geneity. All three elements cause gradual responses to policy changes
until a new optimum is reached.

The model is estimated for Norwegian women and it reproduces the
empirical patterns observed in the data. The estimated model is used to
map out the adjustment path to a hypothetical permanent tax cut. We
find that the estimated first-year responses are brought down to one-
third of the long-term effect, which is reached after about five years. In
the long-term (when the new optimum is reached), simulated labor sup-
ply responses are close to predictions from a standard one-period model
where workers are assumed to adjust their behavior freely irrespective
of their initial choices.

In addition to contributing to the literature regarding the time path
of labor supply adjustments, our model represents the first attempt in
the literature to distinguish between the different mechanisms of state
dependence in a structural framework. We argue that modeling state
dependence in this matter both improves the predictive power of our
model, but also offers a unique opportunity to study the relative con-
tributions of the different mechanism of sluggish responses to policy
changes.

Our results suggest that both preference dependence, labor market
constraint dependence and status quo bias (switching costs) matter for
the predicted sluggish labor market responses. We find that status quo
bias (switching cost) is the most important component of sluggish re-
sponses. We argue that each component of state dependence calls for
different policy implications: Whereas preference dependence can be
considered optimal from the individual’ s perspective, labor market con-
straint dependence and status quo bias represent frictions which pre-
vents people from choosing their optimal labor market outcomes. Labor
market constraint dependence is likely to be mitigated by labor demand
policies which reduces the cost of employment, whereas status quo bias
can be mitigated by improving information or by considering possible
“nudges” to push people over to their optimal choices.

We acknowledge that there are two clear limitations to our approach.
First of all, the different components of state dependence are not non-
parametrically identified. This means that we need to rely on functional
form assumptions to disentangle the different components of state de-
pendence. Nevertheless, we perform the same analysis using various
functional form assumptions and the results suggest that our findings
are robust. The second limitation of our study is that our study abstracts
from forward looking behavior. Our model framework assumes that in-
dividuals maximize utility on a year-to-year basis, such that agents are
short-sighted and do not consider that choices today affect future fric-
tions. A completely forward-looking model would predict anticipatory
adjustment and intertemporal substitution in addition to the sluggish re-
sponses we focus on in the present paper. Thus, a challenging question
for future research on this topic is whether the assumption of myopic
agents can be relaxed to incorporate all these dynamic effects into the
path of labor supply adjustment.

To conclude, this paper adds to an emerging literature which sug-
gests that individuals respond gradually rather than immediately to pol-
icy changes due to frictions or state dependence. We contribute to the
existing literature by explicitly modeling different components of state
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dependence in a structural model framework. This offers a particular op-
portunity to study the relative contributions of the different mechanism
of sluggish responses, as well as improving predictions for practical tax
policy.

Appendix

Imputation of missing working time observations

Missing working time observations (about 30 percent) are imputed
from observed information on annual labor income combined with pre-
dicted monthly wage income for a full-time job. Monthly wage income
is predicted from a set of individual characteristics (experience, field
and level of education, National background and county). Cut-offs for
each working time choice are calibrated by adjusting the simulated to

Table A.1
Wage regression, Heckman 2-Stage.

Log wage Participation

Coefficient Std. error

Coefficient Std. error

Constant

Experience

Experience squared

Low education

Higher education
Non-western immigrants

4.6847*** (0.0069)
0.0149+*** (0.0003)
-0.0002*** (0.0000)
-0.0627+** (0.0015)
0.2573*** (0.0016)
-0.1183*** (0.0037)

1.5124*** (0.0674)
0.0109**  (0.0042)
-0.0009*** (0.0001)
-0.2360*** (0.0164)
0.3004***  (0.0214)
-0.9665*** (0.0231)

Residence in metropolitan area 0.0764*** (0.0013) -0.0826*** (0.0141)
Educational category

General 0.0177#** (0.0050) 0.6694*** (0.0306)
Humanities, arts -0.0311*** (0.0055) 0.5069*** (0.0394)
Education -0.0450*** (0.0054) 1.0106*** (0.0423)
Social studies, law 0.1097*** (0.0062) 1.0089*** (0.0637)
Business 0.0696*** (0.0052) 0.8846*** (0.0327)
Technology 0.1098*** (0.0054) 0.8938*** (0.0386)
Health -0.0418*** (0.0052) 1.0955*** (0.0329)
Primary industries 0.0445*** (0.0091) 0.3778*** (0.0736)
Services 0.0179**  (0.0065) 0.6057*** (0.0494)
Exclusion restrictions

No. of children under age 3 -0.1210*** (0.0201)
No. of children under age 6 -0.0540** (0.0171)
No. of children under age 12 -0.3400*** (0.0095)
Net wealth (NOK 10,000) -0.0009*** (0.0001)
Partner’s net income (NOK 10,000) -0.0032*** (0.0001)
Mills Lambda 0.0318*** (0.0056)

Number of observations 121,408 167,272
Number of individuals 20,466 23,896

Notes: The wage regression is used to assign each individual a wage rate be-
fore estimating the baseline labor supply model. The dependent variable is the
hourly wage rate calculated by dividing contractual monthly pay by contractual
monthly working hours. The regression includes year fixed effects, and allows
for participation selection effects. The educational category "unknown" serves
as the reference category. Wages, net wealth and partner’s net income are mea-
sured in current NOK (NOK 1~USD 0.17~EUR 0.13). * p < 0.05, ** p < 0.01, ***
p < 0.001

Table A.2
Predicted annual transition probabilities in the period 2003 - 2009. All indi-
viduals.

Year t+1

Year t None Short p-t  Long p-t  Full-time  Overtime
None 83.5% 12.1% 4.1% 0.3% 0.0%
Short p-t 2.9% 75.9% 15.4% 5.5% 0.2%
Long p-t 0.1% 8.8% 75.1% 14.0% 2.1%
Full-time 0.0% 2.6% 7.9% 81.3% 8.1%
Overtime 0.0% 4.6% 11.1% 23.5% 60.7%
Persistence rate  0.76 0.61 0.61 0.68 0.42

Notes: The predicted transition probabilities are based on an average of the
predicted annual transition for the sample of married women over the period
2003 - 2009. The working time categories are based on working hours per
week: 0 (“None”), 1-19 (“Short part-time”), 20-34 (“Long part-time”), 35-40
(“Full-time”) and 41 + (“Overtime”).
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Table A.3
Predicted and observed one-year transition probabilities (2004-2005). Low
wage individuals.

Predicted
Year t+1
Year t None Short p-t Long p-t Full-time Overtime
None 85.7% 10.8% 3.2% 0.2% 0.0%
Short p-t  3.8% 78.3% 13.3% 4.4% 0.2%
Long p-t 0.2% 10.4% 75.2% 12.5% 1.8%
Full-time 0.1% 4.0% 8.6% 79.5% 7.8%
Overtime  0.2% 4.9% 11.1% 22.6% 61.2%
Observed
Year t+1
Year t None Short p-t  Long p-t  Full-time  Overtime
None 84.5% 13.6% 1.0% 0.8% 0.2%
Short p-t  3.8% 79.6% 12.7% 3.2% 0.7%
Long p-t 0.1% 10.7% 77.6% 9.5% 2.0%
Full-time 0.0% 3.4% 11.8% 77.1% 7.8%
Overtime  0.0% 3.4% 7.4% 34.2% 55.0%

Notes: The predicted transition probabilities are based on an average of
the predicted annual transition for the sample of married women over the
period 2003 - 2009. The working time categories are based on working
hours per week: 0 (“None”), 1-19 (“Short part-time”), 20-34 (“Long part-
time”), 35-40 (“Full-time”) and 41+ (“Overtime”). Individuals are cat-
egorized into low wage (below median) and high wage (above median)
individuals according to their predicted hourly wage rate in year 2003.

Table A.4
Predicted and observed one-year transition probabilities (2004-2005).
High wage individuals.

Predicted
Year t+1
Year t None Short p-t Long p-t Full-time Overtime
None 80.6%  13.3% 5.7% 0.4% 0.0%
Short p-t  2.4% 72.9% 17.4% 7.0% 0.3%
Long p-t 0.1% 7.4% 74.7% 15.3% 2.4%
Full-time 0.0% 2.2% 7.2% 82.1% 8.4%
Overtime  0.0% 3.1% 10.2% 23.9% 62.8%
Observed
Year t+1
Year t None Short p-t  Long p-t  Full-time  Overtime
None 84.2% 13.2% 2.1% 0.5% 0.0%
Short p-t  2.8% 69.7% 21.1% 5.4% 1.1%
Long p-t 0.0% 7.6% 74.5% 15.4% 2.5%
Full-time 0.0% 1.7% 10.5% 81.0% 6.8%
Overtime  0.0% 1.5% 7.4% 41.7% 49.4%

Notes: The predicted transition probabilities are based on an average of
the predicted annual transition for the sample of married women over
the period 2003 - 2009. The working time categories are based on work-
ing hours per week: 0 (“None”), 1-19 (“Short part-time”), 20-34 (“Long
part-time”), 35-40 (“Full-time”) and 41 + (“Overtime”). Individuals are
categorized into low wage (below median) and high wage (above me-
dian) individuals according to their predicted hourly wage rate in year
2003.
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Table A.5
Out of sample fit. Predicted and observed five-years transition probabil-
ities. 2004-2009.

Predicted
Year t+1
Year t None Short p-t Long p-t Full-time Overtime
None 55.9% 24.7% 12.8% 5.7% 1.0%
Short p-t  3.9% 47.0% 35.5% 12.8% 0.8%
Long p-t 0.5% 14.5% 52.0% 29.8% 3.3%
Full-time 0.3% 5.5% 17.2% 66.6% 10.4%
Overtime  0.5% 3.3% 12.0% 42.4% 42.0%
Observed
Year t+1
Year t None Short p-t  Long p-t  Full-time  Overtime
None 54.2%  29.1% 9.7% 5.2% 1.8%
Short p-t  4.1% 48.1% 34.8% 10.5% 2.5%
Long p-t 0.7% 9.5% 56.9% 27.2% 5.7%
Full-time 0.5% 3.7% 13.4% 72.8% 9.5%
Overtime  0.5% 4.2% 14.1% 43.6% 37.6%

Notes: The estimated model (estimated on 10% sample) is used to com-
pare simulated (“predicted”) and observed outcome in a separate 3%
sample over the period 2004 - 2009. The working time categories are
based on working hours per week: 0 (“None”), 1-19 (“Short part-time”),
20-34 (“Long part-time”), 35-40 (“Full-time”) and 41 + (“Overtime”).

Table A.6
Out of sample fit. Predicted and observed five-years transition probabil-
ities of a semi-parametric model. 2004-2009.

Predicted
Year t+1
Year t None Short p-t Long p-t Full-time Overtime
None 53.3% 27.2% 11.5% 5.8% 2.2%
Short p-t  4.2% 48.8% 31.0% 13.6% 2.4%
Long p-t 0.7% 10.3% 58.2% 23.9% 6.9%
Full-time 0.3% 4.8% 14.1% 70.9% 9.8%
Overtime  0.5% 3.8% 18.4% 40.4% 36.9%
Observed
Year t+1
Year t None Short p-t  Long p-t  Full-time  Overtime
None 54.2%  29.1% 9.7% 5.2% 1.8%
Short p-t  4.1% 48.1% 34.8% 10.5% 2.5%
Long p-t 0.7% 9.5% 56.9% 27.2% 5.7%
Full-time 0.5% 3.7% 13.4% 72.8% 9.5%
Overtime  0.5% 4.2% 14.1% 43.6% 37.6%

Notes: The estimated Semi-parametric model (estimated on 10% sample)
is used to compare simulated (“predicted”) and observed outcome in a
separate 3% sample over the period 2004 - 2009. The Semi-parametric
model is estimated by estimating a parameter for each possible one-year
transition. The working time categories are based on working hours per
week: 0 (“None”), 1-19 (“Short part-time”), 20-34 (“Long part-time”),
35-40 (“Full-time”) and 41 + (“Overtime”).

Table A.7
Persistence rates and elasticity ratios. Out-of-sample comparison of our model and a semi-parametric
model.
Extensive margin Intensive margin
Persistence rate  Elasticity ratio Persistence rate  Elasticity ratio
Observed 0.78 0.62
Our baseline model 0.77 0.36 0.62 0.39
Semi-parametric model 0.77 0.27 0.61 0.31

Notes: The persistence rate is here defined as the share of individuals (out-of-sample) in the same working

time arrangement in 2004 and 2009.
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the actual distribution of working time for individuals observed in the
wage statistics sample. We use the following cut-offs: short part-time:
0.3-7.7 times predicted monthly wage, long part-time: 7.7-10.95, full-
time: 10.95-15.35 and overtime: >15.35. Non-participants are defined
as earning less than NOK 5000 (about USD 850 or EUR 530) annually
or less than 0.3 times predicted full-time monthly earnings.

Assigning wage rates and wage income for each working time option

Table A.1 presents the wage regression, which is used to assign each
individual a wage rate. The dependent variable in the regression is the
hourly wage rate which is calculated by dividing contractual monthly
pay by contractual monthly working hours. We use a (pooled) Mincer
wage regression with year fixed effects, allowing for participation selec-
tion effects (Heckman, 1979).>” We assign the predicted hourly wage
rate of the Heckman regression to each individual. Wage income is con-
structed by multiplying the individual wage rate and the median (an-
nual) working time for each option.
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