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1. Introduction

There is a huge literature on labor supply of married women (see Killingsworth and Heckman (1986)
for a survey). In most studies, the structure of modeling framework rests upon the assumption that the
fundamental choice variables in this context are "consumption" (composite) and "leisure" (hours of
work), which can be chosen freely subject to the economic budget constraint and the time constraint.
Yet, in reality, it seems that "type of work" or "non-pecuniary job attributes" does matter a great deal
in agents' labor supply decisions. The framework proposed in van-Ophem, Hartog and Vijverberg
(1993), Aaberge, Dagsvik and Strom (1995), and Dagsvik and Strem (1998) acknowledge these
qualitative aspects of jobs. In this paper, we adopt a similar approach to the one in Aaberge et al.
(1995) by modeling labor supply behavior as a discrete choice problem, where the alternatives are
viewed as "job packages". These job packages are characterized by specific attributes such as hours of
work, wage rates and other non-pecuniary variables. Consequently, the set of feasible jobs will in this
setting matter for whether or not the agent will be employed.

While many authors in previous studies have investigated the nature of the constraint on the
labor market, their efforts have been directed towards restrictions on working hours. [lmakunnas and
Pudney (1990) formulate a labor supply model which is a mixture of logit-type models across
unobservable choice sets, where the choice sets are equal to, or subsets of, the set consisting of the
alternatives "part-time", "full-time" and "non-participation”. Dickens and Lundberg (1993) and
Tummers and Woittiez (1991) have proposed a model in which an individual receives a random
number of job offers, each associated with weekly hours drawn from a discrete distribution common to
all individuals. Connolly (1997) estimates a model for the probability of being employed which equals
the probability of labor force participation times the probability of finding employment given
participation.

In this paper we only consider, similarly to Connolly (1997), the modeling of the binary
decision problem of choosing between "working" and "not working". More precisely, we assume that
the researcher only observe the binary choices. However, in contrast to Connolly (1997) we take into
account that the individual agent has preferences over hours of work as well as over (unobservable)
job attributes, and that the set of feasible jobs is typically unobserved by the researcher. The size of the
choice set of jobs might depend on variables such as regional unemployment rate, and individual
characteristics such as education level and work experience. However, in our study, due to the lack of
the data of involuntary unemployment, we assume that the choice set only depends on regional

unemployment rate.



We estimate two versions of the model for "working" versus "not working" based on data
from a sample of married women. In the first version we only use micro-data from independent cross-
sections. In the second version we use panel data and allow preferences to be serially correlated. The
motivation for introducing serially correlated random terms is that there may be taste persistence
effects implying that the decision-makers’ preference evaluation in successive periods will be
correlated.

The paper is organized as follows. In Section 2, the basic model is developed. The empirical
specification of the model is derived in Section 3. Data and estimation results are described in Section
4. In Section 4.2 we assume that the parameters are period-specific. In Section 4.3 we use panel data to
estimate the model based on a method that takes into account serially correlated preferences. Different

types of elasticities are calculated.

2. The model

In the simplest version of the static labor supply model, the individual's utility depends on his tastes
and on the amount of consumer goods and hours of leisure time that he consumes per period. In this
paper we shall extend this simple textbook model to include non-pecuniary attributes of jobs. The
motivation is that attributes other than wage and working hours may have significant influence on the
degree of an individual’s "enjoyment" obtained from working. Examples of non-pecuniary attributes
are the time spent on the way to workplace, the number of coffee breaks one can take at work, the
facilities, the nature of the job, and the environment at the workplace. These attributes are
unobservable to the researcher, but they sometimes play an important role in individuals' labor supply
decision. Also we wish to take into account that pecuniary attributes such as wage rates vary across
jobs.

The utility function individual i is assumed to have the structure

(1) Ui (C:h:l//i):Ui(Cﬁzl//ﬂ(hkji'
k=1

where C denotes consumption, / is annual hours of work associated with job k, v, = (;,,¥5....) is

an unknown parameter vector which captures non-pecuniary aspects of job k as evaluated by
individual i. The function Uy(-) is assumed to be quasiconcave and twice differentiable and is allowed
to be individual specific.

Note that with this structure of the utility function the different jobs are perfect substitutes, that

is, conditional on the consumption level, job & yields the same utility as job j as long as the adjusted



working hours, w, /i, and wh, , are equal, cf. Hanemann (1984). In other words, given the

consumption level C and the non-pecuniary aspects of the jobs, y; and y;, if job j is less attractive
than job £, by reducing the working hour of job j, /;, one can make it as attractive as or even more
attractive than job k.

The budget constraint equals

kebB;

and the time constraint equals

(3) dh+L=M,

keb;
where B; is the set of jobs that are feasible to individual i, / is non-labor income, W is the offered
wage rate of job k to individual i, L denotes annual leisure hours, and M is total available time per
year. Note that we have introduced B; to represent the constraint imposed on the individual's
opportunities from the demand side. The set B; is unobservable to the researcher. Note also that, as
mentioned above, we allow wage rates to be job-specific in this setup. Only the wage rate associated
with the chosen job is observed.

Wages of other family members are included in /. The earnings of the male partner is treated

as an exogenous variable. Furthermore, the budget constraint is assumed to be linear in hours of work.

In other words, taxes are not taken into account. Now let v, 4, =X, , which implies that the

corresponding utility maximization problem can be written as

4) maxU{C, Zx,kJ

keB,
subject to
(5) C=D xulWi+1
kebB;
and
Xik
(6) Y i L=M
ken, Vik



where W, =W, |y, . We shall call {W,k, ke B,} the modified wage rates of individual 7. From this it

follows that the agent would like to supply labor if

. 0U(1,0) -
(7 max Wy >——————==W,
ke, o,U,(1,0)

where W, is the reservation wage rate of individual 7, and 0, j =1,2, denotes the partial derivative

with respect to component j. If the inequality holds, the maximization problem implies a "corner"
solution where the individual selects the very job with the highest modified wage rate. This is due to

the assumption of perfect substitution between jobs.

3. An empirical specification

In this section, we shall discuss an empirical specification based on the framework developed in
Section 2. The decision problem discussed above yields a decision rule for whether or not to work
expressed in terms of the modified wage rates, the set of feasible jobs and the reservation wage.
Education and years of labor force experience are generally considered the main determinants of the
offered wage rates. The reservation wage is assumed to depend on age, non-labor income and number
of children. Those variables all arise from previous economic choices or chance events. Thus we

assume that:

(8) logh, =X,y +n;,
and
©) logh, =Z,+ ¢4,

where X; is a vector of individual characteristics such as education, experience and experience squared,
Z; is a vector consisting of age, age squared, non-labor income and number of children of age 0-6 and
of age 7-17, 1, and &, are random terms that accounts for the unobservable effects, and yand S are

vectors of parameters of appropriate dimension. Furthermore we assume that we can write
(10) logy, =b+g,

. * .« * .
where b is a constant and ¢, are i.i.d. random terms. As a result, /¥, can be written as,

(11) logWU :logWU —lOgl//U- :logWU +é&; :Xi7’+77;/ +&; :Xl.;/+g(/



where &, =1, + e; and b is absorbed in the intercept of X7. This represents no loss in generality. We

assume next that fs;

ij>

j=0,1,...,n, are i.i. standard extreme value (type III) distributed for some & >0

which means that

(12) P(0s, < y|X,)=exp(-¢").

This assumption can be justified from Luce Choice Axiom "Independence from Irrelevant
Alternatives" (I1A), see for example Ben-Akiva and Lerman (1985).

Recall that IIA can be interpreted as follows: Suppose that the agent faces the choice set B. He
then first selects a subset 4 from B where 4 contains alternatives which are preferable to the
alternatives in B\4, and subsequently makes his choice from the subset 4. So far there is no essential
loss of generality, since usually it is always possible to think of the decision process in this manner.
The crucial property of IIA is that, on average, the choice from 4 in the latter stage does not depend on
alternatives outside 4. In other words, the alternatives discarded in the former stage has been
completely "forgotten" by the agent and they are no longer relevant when the agent makes his second
stage decision. One thing worth mentioning is that, by using the phrase "on average", we mean that it
is not necessary for IIA to hold in every experiment. Only when the choice experiment has been
replicated a large number of times, or equivalently, when the experiment is conducted on a large
sample of "identical agents" (agents with identically distributed tastes), IIA should hold on average. In
this sense, we may think of IIA as an assumption of "probabilistic rationality".

When the error term in the utility function has a standard type Il extreme value distribution,
given in (12), the random utility model become consistent with the IIA property, and this will in turn
give us a simple structure of the choice probabilities.

The parameter, 6, introduced above can be interpreted as

2
2 T

- 6Var5(/ '

(13)

The error term, 77, , is likely to be correlated with 6‘; , because the unobserved variables that affect the

wage rates {WU} are likely to correlate with unobservable taste shifters associated with non-pecuniary

aspects of the jobs. This is actually one of the reasons why we introduced an instrument variable
equation like eq. (8) in the first place. The other reason is that the (potential) wage rates for those who

do not work and for jobs that are not chosen are unobserved.



Following the assumption about the distribution of {8[/»} the probability of choosing job j from

choice set B, can be expressed as

Pat 0N
* ~ *
(14) P, =P(WV =maX(W max W, Dz =
i i i ik v 2
i i , 2 Z O O7B n,e'gX’y
keB,

where #; is the number of jobs available to the individual, i.e. the number of jobs in B,. The probability

of working therefore equals

ox,
ne’ " 1

PP 4 PN - 1+exp(l92,ﬂ —QX,'?’_lOg”i) .

(15) Py=) P =
keB;

This type of approach intended to take into account latent choice sets is similar to the approach
described in Ben-Akiva and Lerman (1985), p.p. 253-261. We assume that »; depends only on regional
unemployment rates. This assumption may seem restrictive, for one could argue that »; should also
depend on education level and work experience of the individual. Nevertheless, the present
assumption is adopted to enable us to identify all the parameters in the model. If individual
observations on unemployment were available we would be able to identify »; as a function of for
example education and experience, similarly to Connolly (1997). The variable length of work
experience is defined as age minus years of education minus six. By using (15) we are able to estimate
the reduced form probability of working. However, we need to estimate the offered wage equation to
obtain identification of &y and 5.

It is well known that a sample consisting only of working individuals is not necessarily a
random sample, and this may lead to biased estimates if simple methods such as ordinary least squares
(OLS) are applied directly. Still, the problem can be solved by using a version of Heckman’s (1979)

two-stage method. Let J denote the chosen job within B;. We assume that
(16) E(n,le,)=¢ (68, -05772),

where ¢ 'is a constant. Under this assumption one can show that

(17) logh,, = Xy —{ log P,y +17,,,

where 77: ; 1s a random term with the property

E(my (W, >W,)=0.



The formal derivation of eq. (17) is relegated to Appendix 1.

4. Estimation method and results

4.1. Data description

The data are obtained from the Income Distribution Survey in 1989, and 1992-1994, to which
additional information about working hours and regional unemployment rate is appended. All the data
sets were collected and prepared by Statistics Norway and all the participants are Norwegian citizens.

The Income Distribution Survey consists mainly of tax return data collected from taxation
authorities. Certain criteria have been adopted when the sample was selected. Only married women in
the age between 25 and 64 are selected (husbands' information is also included). Couples for which
one or both have entrepreneurial income in excess of wage income are excluded.

We have converted the variable "length of education" from category values to numbers.
Subtracting hours worked as self-employed from total working hours, which is the product of number
of working weeks and average working hours per week, constitutes the variable "working hours". The
(marginal) wage rate is measured as wage income divided by working hours.

For unknown reasons, information about working hours is missing for most of and the whole
sample in 1990 and 1991, respectively. Furthermore, for survey 1989, 1992-1994, the rate of non-
response was almost 50 per cent. Therefore, the data set is an unbalance panel. During the whole
period (i.e. 1989, 1990, 1992-1994), there are in total 1057 different women participating in the
survey, however, due to missing values to one or more categories for some of them, we end up with
only 999 participants. The average years of numbers of participation is 2.83. In this paper, women who
worked for less than 100 hours per year are registered under category "not working". This differs from
the definition applied in Dagsvik and Strem (1995), in which they use 60 hours instead. The reason is
that very few persons in our sample work less than 60 hours per year, and, accordingly, if one should
adopt the definition of Dagsvik and Strom (1995), the average probability of working would be close

to one. Below we report some summary statistics for the sample.



Table 1. Summary statistics for the whole sample during 1989, 1992-1994"

1989 1992 1993 1994
The whole The sub- The whole The sub- The whole The sub- The whole The sub-
sample sample: sample sample: sample sample: sample sample:
those who those who those who those who
work work work work
No. of 412 363 551 490 523 476 521 462
observations (88%) (89%) (91%) (89%)
Non-labour 190 346 186 820 225708 223113 236 006 232 684 252034 248019
income (81831) (73489) (91113) (88752) (96702) (94687) (94288) (90949)
No. of
children of 0.42 0.37 0.31 0.26 0.30 0.26 0.26 0.23
age 0-6 0.74) (0.70) (0.66) (0.60) 0.67) (0.62) (0.63) (0.58)
No. of
children of 0.75 0.75 0.72 0.71 0.74 0.71 0.67 0.66
age 7-17 (0.87) (0.86) (0.89) (0.87) (0.88) (0.85) (0.83) (0.81)
Age 41 41 44 44 44 44 44 45
(7.93) (7.91) (7.46) (7.29) (7.33) (7.14) (7.28) (6.93)
Length of 11 11 11 11 11 11 11 11
education (1.96) (1.96) (2.00) (2.03) (1.99) (2.00) (2.03) (2.05)
Length of 24 24 27 27 27 27 28 28
experience (8.56) (8.54) (8.05) (7.90) (7.90) (7.68) (7.84) (7.46)
Regional
unemploy- 0.019 0.019 0.026 0.026 0.027 0.027 0.025 0.025
ment (0.008) (0.008) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Wage rate 92.73 106.35 107.34 112.79
per hour (34.23) (42.31) (41.01) (43.93)

*) Except for on the line of "no. of observation" where per cents of women who work are given in the
parentheses, standard deviations are given in the parentheses.

Each year about 90 per cent of the sample work. The figures of average non-labor income and average
no. of children of age 0-6 and 7-17 in the sub-sample are slightly smaller than those in the whole
sample, which seems to be in accord with intuition. The average wage rate per hour increases slightly

over time.

4.2. Estimation results

In the first version of the model, we allow parameters to be period-specific. We can therefore estimate
the model as if the cross-sections of each year were independent. To use the method mentioned above
to identify all the parameters in (15) will lead to a three-stage estimation procedure: First, we estimate
the reduced form probability of working. In the second stage we estimate the wage equation and due to
eq. (17) we use the logarithm of the (estimated) probability of working as an additional regressor to

control for selection bias. Finally, the structural form of probability of working is estimated.
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The results from stage one are displayed in Table 2.

Table 2. Estimation results for the reduced form employment probability*)

Variable 2 Age
No. of No. of  Regional times
logof  children children un- Edu- Age (Edu-
Constant non-labor  of age ofage  employ- Age cation squared  cation -
income 0-6 7-17 ment rate x 107 Edu-
cation
Year squared)
1989 -16.25 0.79 0.83 0.16 0.88 0.26 0.20 -0.093 -0.87
(-1.64) 2.17) (2.96) (0.72) (0.04) (0.75) (0.42) (-0.34) (-0.97)
1992 -4.97 0.80 1.29 0.21 21.62 -0.11 -0.56 0.14 0.10
(-0.53) (2.20) (5.21) (1.24) (0.92) (-0.38)  (-1.06) (0.62) (0.11)
1993 -16.60 1.25 1.37 0.97 -23.50 -0.14 0.12 0.44 -0.89
(-1.50) (3.07) (4.53) (4.45) (-1.03)  (-0.40) (0.23) (1.64) (-0.93)
1994 -17.85 1.61 1.13 0.61 -11.49 -0.23 0.07 0.48 -0.69
(-1.99) (3.53) (4.15) (2.97) (-0.48)  (-0.96) (0.23) (2.18) (-1.31)

") t-statistics are given in the parentheses.

Notice that the estimates of the coefficients of non-labor income and no. of children at the age between

0 and 6 are significant in all periods, and have the expected sign. In addition, they do not vary much

over time. The estimated values for the variable, no. of children between 7 and 17, though not

significant in all the surveyed year, have nevertheless also an expected sign. The positive coefficients

for those variables indicate that an increase in any one of them decreases a married woman’s
probability of choosing to work.

Other coefficients associated with variables such as age and education level, are not

significantly different from zero.

The results from the second stage are presented in Table 3.

11



Table 3. Estimation results for the wage equation

Parameter Intercept Education Experience Experience  log of working
Year squared probability
x 107

1989 4.05 0.033 0.0085 -0.014 -0.06
(18.82) (3.20) (0.80) (-0.70) (-0.25)

1992 3.78 0.029 0.004 -42-10* 0.44
(17.76) (3.21) (0.35) (-1.24) (2.16)

1993 4.59 0.038 0.007 -0.02 -0.46
(19.64) (4.24) (0.50) (-0.81) (-2.01)

1994 4.18 0.036 0.002 0.004 0.02
(17.94) (3.90) (0.12) (0.14) (0.01)

") t-statistics are given in the parentheses.

It seems that education level is the main determinant of the offered wage rate. Experience does not
have significant influence on offered wage, and the selection effect is weak. Moreover, there is no
evident trend in the intercept and the coefficient associated with education seems to be rather stable
over time.

We are now able to estimate the structural form probability of working. The results are

displayed in Table 4.

Table 4. Estimation results for the structural employment probability

Variable log of Np. of Np. of Regional Age
children children unemploy log wage
Constant non-labor Age squared

. at the age at the age -ment 2 rate

Year income 0-6 7-17 rate x 10
1989 -10.57 0.70 0.86 0.13 2.05 0.16 -0.16 8.42
(-1.68)  (2.02) (3.10) (0.61) (0.09) (0.66)  (-0.61) (2.47)
1992 -6.43 0.80 1.28 0.22 1842  0.8-10°  0.12 19.85
(-0.95) (2.21) (5.26) (1.28) (0.93) (3.7-107) (0.56)  (4.34)
1993 -12.97 1.29 1.44 0.98 -35.39 -0.19 0.26 10.01
(-1.67)  (3.12) (4.93) (4.49)  (-1.73)  (-0.76)  (0.96)  (3.67)
1994 -10.99 1.55 1.18 0.60 -3.03 -0.39 0.55 11.21
(-1.39)  (3.40) (3.40) (2.87)  (-0.13)  (-1.83) (2.52) (3.77)

") t-statistics are given in the parentheses.

From Table 4 we see that the coefficient of the logarithm of the wage rate is significant, but
vary much from year to year. However, if we apply 95 per cent confidence intervals based on the
estimated standard deviations in each period we realize that none of these estimates are significantly

different. The estimated parameters for non-labor income and no. of children between 0 and 6 have the

12



right signs and are significant. In addition, the estimates are quite similar to those obtained in stage

one. Other estimates are unfortunately not significant.

4.3. Accounting for serial correlation

In the analysis above we have estimated the model with period specific parameters. We shall now
assume that the parameters in the model are constant over time. This implies that we need to take into
account the panel structure of the data since there may be serial correlation in the agents’ labor market
choices over time. In fact, we shall assume that the choice model is a Markov chain, which means that
the model can be completely represented through transition probabilities or, alternatively, transition
intensities. However, we do not have the ambition to formulate a full structural model of the transition
probabilities (or transition intensities). As above, we only postulate a structural model for the
probability of working versus not working, but we wish to impose a structure of the transition

intensities which is consistent with the (given) structural specification of the probability of working.

For simplicity we drop the indexation of the individual in this section. Let {qjk (t)} denote the

transition intensities of the Markov chain with two states ("working" and "not working") in continuous

time, j,k=1,2. This means that g, (1)A¢ is (approximately) the probability of switching to state & in
the time interval (t, 1+ At) given that state i was occupied at time ¢. For example, ¢,,(¢#)At is the

probability that an agent who does not work at time ¢ will change to working status within (t, 1+ At) .

Suppose for the moment that the transition intensities are constant over time. Then it follows

that the probabilities of being in state 1 and 2 equal

(18) R:L’ Pzzq#-
91> t 4 91> + 4

Hence, we can write

(19) 4, =@h and g, =@h,
where
(20) P=qn+4q-

Thus, for any set of transition intensities g1, and ¢,;, we can relate these to the probabilities of being in
the respective states, Py and P,, through the construction (19). Specifically, this means that when

P, j=1,2, is given then we can represent the law of the Markov chain by these probabilities and
P=4nt 4 -

13



Furthermore, it follows from the probability theory of Markov chains that the corresponding

transition probabilities for transitions from time s to time t, are equal to

21 0, (s.0)=(1-¢ )R,

(22) 0y (s.0)=(1-¢ )P,

and

(23) 0,(s.)=P,+e ™ (1-p),

for j=1,2. We realize that when ¢ =0, there is no serial dependence, i.e. the preferences are not
serially correlated because in this case QO (s,7) = F, (). In contrast, when ¢ =0 then O, (s,/)=0 for
J # k , which means that the unobservables of the utility function is perfectly correlated over time.
Thus @ >0 can be interpreted as a measure of taste persistence of the agents preferences. The
parameter @ can also be given a more direct and explicit interpretation associated with the
autocorrelation function of the choice process, suitably defined. To realize this, let Y (1) be equal to

one if the individual is in state j at time ¢, and zero otherwise. Then we have that

Cov(Y,(1).Y,(5)) = EY, ()Y, ()~ EY, (D EY,(s)
24) =0, P, =P =P+ (1-P) P - P}
=e P, (1-7).

But since

(25) VarY,(t)=VarY,(s)=P,(1-P))
it follows that

(26) Corr(Y,(1).Y,(s)) =77

We have thus demonstrated that

e—(f—,\')(p

14



can be interpreted as the autocorrelation function of the process {Y, ), t> 0} , j=1,2. In the general

case with nonstationary transition intensities, that are constant within years, it can be shown similarly

that

27) Oy (1-1.0)=(1-¢") P (1)
for j =k and

(28) 0, (t-11)=P,(t)+e " (1-P,(1))
where

(29) P(t) = g, (1) +q (1) -

In the estimation below we assume that @(¢) is approximately constant over time so that we can set
(1) = @ . Note that this is an approximation because in general ¢ may depend on the explanatory
variables of the model. Recall moreover that we assume that P,(7) has the same structure as in eq.

(15) but now with time constant parameters. The estimation results are displayed in Table 5.

Table 5. Estimation results with serial correlation

No. of No. of

log of children children Regional Age log wage
Constant non-labor unemploy- Age squared ®
. at the age at the age 2 rate
income ment rate x 10
0-6 7-17
Parameter  -6.76 0.96 0.97 0.35 7.86 -0.19  0.28 8.88 0.23
t-statistic ~ -1.71 4.23 5.26 3.02 0.58 -1.47  2.02 4.81 6.69

The small value of ¢ indicates strong taste persistence, as we expected. Specifically, the estimate of ¢

implies that the correlation between Y;(¢) and Y;(¢—1) equals 0.79. Other findings are also not

surprising. As in our previous time-independent model, non-labor income and number of children and
log offered wage rate are the variables which have significant influence on the labor supply decision.
As a measure of the goodness of fit, we have calculated the measure proposed by McFadden.

The measure is defined as

(29) p=1-——=

15



where L( ,@ ) is the value of the log likelihood function at the estimated parameters and L(0) is its

value when ¢ is set equal to infinity and all the remaining parameters are set equal to zero. The value

of " is found to be 0.69. The loglikelihood L(B) equals -450.

5. Policy simulations

It is often of interest to know the impact on the probability of working as a result of the marginal

change in the explanatory variables. Below we will report elasticities with respect to non-labor income

and mean wage rate for selected values of explanatory variables.

Table 6. Simulated marginal effects of changes in expected wage, non-labor income, and

number of children

Change in Change in
the
robability the
No. of No. of p 1Y brobability
. . . Non-  of working .
Non- children children Regional of working
Wage Prob. of Wage  labor duetoa
labor  atthe  atthe unemploy- Age . . . due to a
rate . working elas.  income marginal .
income  age age  ment rate . . marginal
elas. increase in . .
0-6 7-17 increase in
no. of
no. of large
small children
children
85.37 100000 0 0 0.02 30 0938 0.554 -0.060 -0.087 -0.024
99.19 100000 0 0 0.02 30 0983  0.153 -0.017  -0.027 -0.007
115.24 100000 0 0 0.02 30 0.995  0.041 -0.004  -0.007 -0.002
85.37 300000 0 0 0.02 30 0.840  1.420 -0.153 -0.174 -0.053
99.19 300000 0 0 0.02 30 0952 0425 -0.046  -0.069 -0.019
115.24 300000 0 0 0.02 30 0987 0.116 -0.013 -0.021 -0.005
85.37 300000 1 0 0.02 30 0.666 2963 -0.320  -0.235 -0.082
99.19 300000 1 0 0.02 30 0.883 1.037  -0.112 -0.141 -0.041
115.24 300000 1 0 0.02 30 0966  0.299 -0.032 -0.050 -0.014
85.37 500000 0 0 0.02 30 0.763  2.104 -0.227  -0.213 -0.069
85.37 300000 0 1 0.02 30 0.787  1.892 -0.204  -0.203 -0.065
99.19 300000 0 1 0.02 30 0933  0.592 -0.064  -0.092 -0.026
115.24 300000 0 1 0.02 30 0981 0.164 -0.018 -0.029 -0.008

An increase in non-labor income, provided other things equal, decreases the probability of working,

and give rise to non-labor income elasticities (in absolute value; in this section we shall always

compare figures in their absolute value) and the others. Note that when non-labor income equals

100 000 the wage elasticities are lower than when non-labor income is higher than 100 000. The
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reason for this is that in this case the probability of working is close to one which means that most
women are working.

An increase in either the number of children at the age between 0 and 6 or the number of
children at the age between 7 and 17 will reduce the probability of working and boost the marginal
influence of all the variables, but with different magnitude. An alternation in the number of small
children has larger effect on the woman’s decision, which is in accordance with our estimation results
in Section 4, namely, that the estimated parameter for number of small children is greater than that of
number of big children. This is also the case irrespective of the level of non-labor income.

Sometimes aggregate elasticities of for example wage and non-labor income may be more
useful to the policy maker than the average individual elasticities. As regard to aggregate elasticity, |
shall write down explicitly the formulas used to avoid misunderstanding, since, albeit widely used, the

concept is not commonly known as elasticity. It is defined as follows:

2 0ene)-m) o XA (0)x) - A)
(30) Aggregate EL* = ‘ : 4

T VT

where x; denotes the relevant variable such as, for example, non-labor income, etc., » is a percentage
figure, like 10 per cent, for example, P, ((1 + r)xl.) is the probability of working after x; has been
raised by 7 per cent given other things equal, and P, (xl.) is the probability of working with original
value of variable x;. In general, the aggregate elasticity will differ from the average elasticity

1 -~ Olog B,
N “' Ologx, '

Only when P,,i=1,2,...,N, are identical across the sample, will the two figures become equal. We

therefore calculate both the aggregate and the average elasticities for selected variables. The results are

displayed in Table 7.
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Table 7. Average and aggregate effects

Average Average Aggregate  Aggregate
percentage percentage percentage percentage
change in  change in change in  change in
the the labor labor
Average Average  probability probability Aggregate Aggregate supplyif  supply if
Year wage non-labor  of working of working wage non-labor every every
elasticities ~ income if every ifevery  elasticities income woman woman
elasticities ~ woman woman elasticities has an has an
has an has an additional  additional
additional  additional child at the child at the
child at the child at the age 0-6 age 7-17
age 0-6 age 7-17
1989 0.97 -0.10 -0.10 -0.03 0.63 -0.09 -0.13 -0.04
1992 0.95 -0.10 -0.08 -0.03 0.62 -0.09 -0.13 -0.04
1993 0.98 -0.11 -0.08 -0.03 0.64 -0.10 -0.13 -0.04
1994 1.02 -0.11 -0.07 -0.03 0.67 -0.10 -0.14 -0.04

In the above table, 7 is chosen to be 10 per cent when we calculate the figures in column 5 and 6.

Those figures vary little across years.

6. Conclusions

In this paper, we have accommodated the notion of latent sets of job opportunities and job specific

non-pecuniary attributes in the specification of the model of labor supply. We have focused only on

the binary choice, that is, "working" and "not working". We have applied a particular method to

account for serial correlation when estimating the model from panel data. The estimates and the

calculated elasticities appear to be plausible.

However, our specification of the parameters associated with the latent size of the choice set

of jobs is somehow unsatisfactory due to the lack of data on unemployment.
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Appendix

Derivation of the selection effect in the wage equation
The derivation of eq. (17) is given in Dagsvik (1999). For the readers' convenience I will go through

the basic argument below. First we need the following lemma found in Strauss (1979).

Lemma 1

Suppose U, =v , +¢&;, where ¢, j=1,2,..., are i.i.d. with (standard) cumulative distribution

Sfunction exp(—e_y). Then

P(makak <y|U, zmakak)zP(Uj <y|U, zmakak)zP(makak <y).

We assumed in Section 3 that O¢.

> J =0,1,....n, are ii. standard extreme value distributed.

Recall that J denotes the chosen job, i.e. W; =max W, . Under the preceding assumptions, the
€B,

I

distribution of 7, can be readily derived. Specifically,

P(é’logI/V:,= < y) = P(kgf,- (glOgVVﬂt < y)j

(A1) = HP(Hlog W, < y) - Hexp(_eax,;/—y)
keB, kebh,
=exp(-me"" ) =exp(~exp(logn, + 0,y - y)).

Similarly, it follows that

(A2) P(max(logh).logl7, ) < y) = exp[—exp(log(ni N ) y)}
From Lemma | we obtain that

(A3) P(elogW; <y >w) :P(max(é’loglflf;ﬁlogW,) Sy)

which implies that

(A4)  E(0logh, W) >W,)=0E max(logh,.logh, ) = 0.5772 + log n, e” +¢*/ ).
Similarly (A.1) yields
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(A.5) EOQlogW,, =0.5772+logn, +0X y.

Hence, by using (16), (A.2) to (A.5) we get

E(m, [ >W,) = CE((08, -0.5772)W; > W)
= gE(elog W, —OFlogh,

= CE(01ogW,

= C@Emax(logVK,,logW,)—é’@ElogVK,

Wy >W,

W, >W,)~COElogh,
(A.6)

= glog(n,e”” + 4P ) —¢ (logn, +6X,7)

0Xy | 07,8
ne " +e’ 1
=§log(TJ=§log[P—_]=—:log32.

n;e i2

Consequently, we can write

(A7) W,=ZB-ClogP, +1n,

where

E(ﬂ; W, >Wf):()-

Thus one can estimate eq. (A.7) consistently from the subsample of working individuals by adding an

estimate of P, as an additional regressor.
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