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Abstract

We extend existing work on the dynamics of labor force participation by distinguishing between
full-time and part-time employment and by allowing unobserved heterogeneity in the effects of
previous employment outcomes, children and education on labor supply behavior. In addition,
unobserved heterogeneity may feature autocorrelation and correlated random effects. Our results
reveal significant variation in the effects of children and education on labor supply behavior. More-
over, the omission of random coefficients and autocorrelation biases estimates of state dependencies.
On average, temporary shocks that increase the rate of part-time employment lead subsequently to

lower rates of non-employment than do shocks that temporarily increase the rate of full-time work.
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1 Introduction

Labor supply behavior measured at the individual level displays a great deal of persistence (e.g.,
Francesconi, 2002, and Booth et al., 1999). Persistence is observed both in participation decisions and
in the hours of work of those in employment. In other words, we observe persistence on the extensive
margin and on the intensive margin. It is well established that persistence in labor supply behavior
can be generated by two different mechanisms (e.g., Heckman, 1981a, and Heckman, 1981b). On one
hand, individual characteristics may lead an individual to choose repeatedly the same employment
state. Relevant characteristics consist of observables, such as educational qualifications and household
structure variables, and unobservables including unobserved preferences and ability. Alternatively,
persistence in labor supply behavior may arise from state dependencies, whereby an individual’s
previous labor supply behavior has a causal effect on his or her current labor supply incentives.
State dependencies may be generated by, for example, changes in preferences or constraints caused
by previous working behavior. For the purpose of policy evaluation, it is critical to determine the
relative contributions of state dependence and individual characteristics to the observed persistence in
labor supply behavior. Indeed, if labor supply choices are driven entirely by observed or unobserved
individual characteristics then the effect of a policy intervention, such as a wage subsidy or an in-work
benefit, will cease the moment the policy is withdrawn. In contrast, if past labor market outcomes
exert a causal effect on current labor supply behavior then the policy intervention will affect labor
market outcomes beyond the duration of the policy.

There exist several studies of labor force participation dynamics. Notably, Heckman (1981a)
studied the dynamics of women’s labor force participation decisions, while controlling for persistent
unobserved individual characteristics. The results show that unobserved individual characteristics
contribute significantly to the observed persistence in women’s labor force participation behavior but
causal effects, or state dependencies, were also found to be present. A number of other studies report
similar results (e.g., Booth et al., 1999, and Heckman and Willis, 1977). Keane (1993) provided the first
model of labor force participation with autocorrelated unobservables, while Hyslop (1999) extended
the literature further by allowing both autocorrelated unobservables and correlated random effects,
operationalized by including non-contemporaneous measures of observed individual characteristics,
including measures of fertility at different points in the life-cycle. Keane and Sauer (2010) in turn
extend the work of Hyslop (1999) by including classification error in the dependent variable and by
introducing an alternative treatment of the initial conditions.

The primary contribution of this paper is to use Monte Carlo simulations to explore the effects on
estimates of state dependencies of different assumptions regarding the distribution of the unobservables
that drive labor supply behavior. To this end, we estimate a discrete, dynamic labor supply model that
permits more general structures of unobservables than implemented in previous studies. Specifically,
as in Hyslop (1999), we consider unobservables that may be: i) autocorrelated; and ii) time invariant
and correlated with time varying observables, including children. In addition, we include unobserved
heterogeneity in the effects of previous employment outcomes, children and educational qualifications
on labor supply behavior. These additional sources of heterogeneity are potentially important determi-

nants of the dynamics of individual labor supply, and their omission may have substantive implications



for estimates of state dependencies.

This paper makes two further contributions. First, we analyze the dynamics of individual labor
supply in a multinomial choice framework, rather than the more often used binary choice model.
While the generalization to a multinomial framework introduces concerns pertaining to identification
and furthers computational complexity, this extension provides additional insight as it allows a study
of the intertemporal dependencies associated with full-time and part-time employment. This mode
of analysis therefore allows us to assess the likely employment trajectories induced by labor market
policies that target specifically either full-time or part-time employment. Such results are of clear
importance to policy makers who must decide how best to allocate limited resources. This analysis
would not be possible using a binary model of labor market participation, such as the reduced form
approach of Heckman (1981a) or the structural approach adopted by Eckstein and Wolpin (1989).
Second, drawing on the unobserved heterogeneity in the effects of children on labor supply behavior
permitted by our model, we are able to explore whether the relatively high rates of non-employment
observed among women with young children are due to a common effect of young children on labor
supply behavior or whether instead young children affect the labor supply behavior of only a subset
of women.

The central econometric framework takes the form of a dynamic mixed multinomial logit model
that features random coefficients, autocorrelated unobserved heterogeneity and time invariant unob-
servables. We adopt a correlated random effects specification for the time invariant unobservables,
and thereby permit unobservables to be correlated with individuals’ time varying characteristics, in-
cluding children. In this respect, our specification is less restrictive than a standard random effects
model, which would require that unobservables occur independently of individuals’ observed charac-
teristics. Parameter estimates are obtained using Maximum Simulated Likelihood estimation. In a
further round of empirical analysis, presented in Appendix C.1, we estimate two alternative model
specifications, namely a model that attempts to proxy for possible sources of endogeneity and a model
that is reduced form in the potentially endogenous variables, and we show that in both cases our key
empirical findings continue to hold.

The empirical analysis is conducted using an eighteen year longitudinal sample taken from the
British Household Panel Survey. The sample comprises married and cohabiting women and spans the
years 1991-2009 inclusive. Three employment states are distinguished, namely full-time work, part-
time work and non-employment. For the sample of women under consideration all three employment
states are quantitatively important. Furthermore, there is a growing literature that documents the
relatively low status of part-time jobs in the United Kingdom; notably Connolly and Gregory (2008)
and Manning and Petrongolo (2008) show that part-time jobs are typically poorly paid and are con-
centrated in menial occupations. Within the context of this literature it is important to establish
whether part-time jobs are also associated with lower labor market attachment than full-time jobs.

We draw on the multinomial structure of our model to investigate the effects of shocks that in-
crease temporarily either full-time or part-time work. Considering the sample average, we find that
a temporary shock that increases the rate of full-time employment has essentially no implications for
the rate of part-time work in the years subsequent to the shock. Meanwhile, a shock that temporarily

increases the rate of part-time employment has a positive effect on the subsequent rate of full-time



work. Due to the asymmetric nature of the cross-state dependencies and the higher own-state depen-
dence in part-time employment as compared to full-time employment, on average, temporary shocks
that increase the rate of part-time employment lead subsequently to lower rates of non-employment
than do shocks that temporarily increase the rate of full-time work. For women with young children
we find that full-time employment provides a significant stepping-stone into part-time employment.
However the reverse is not true; for women with young children part-time employment does not have
a causal effect on subsequent full-time employment.

Our results further show significant, additional, variation in preferences for full-time and part-time
work, relative to non-employment, among women with young children. We explore the implications of
this variation for employment dynamics following the birth of a child. Our results show that the birth
of a child is not associated with an increased likelihood of non-employment for women who have a high
unobserved preference for full-time work in the event that they have a young child. Thus, the high rates
of non-employment among women with children are due to changes in labor supply behavior among
a subset of women with children, specifically those women who have a low unobserved preference for
full-time work in the event that they have a young child.

Irrespective of the assumed distribution of the unobservables, we find that significant positive
own-state dependencies are present in both full-time and part-time work. This result is in line with
existing work on dynamic labor supply including Keane (1993) and Hyslop (1999). A comparison of our
results across the different specifications of unobservables reveals that estimates of state dependencies
are sensitive to the assumed distribution of the unobservables. As has been frequently found in
studies of labor force participation, state dependencies are overestimated if persistent unobservables are
ignored. Less predictably, the estimated state dependence in full-time employment tends to increase
as the distribution of the unobservables is generalized from a specification allowing time invariant
random intercepts to more general specifications allowing autocorrelated unobservables and random
coefficients. We conclude that estimating dynamic labor supply models and ignoring autocorrelation
and variation in the effects of observed individual characteristics on labor supply behavior may bias
significantly estimates of the long-term effectiveness of labor market policies. The biases induced
by ignoring autocorrelation or variation in the effects of observed individual characteristic pertain
predominantly to the long-run effects of policies that facilitate full-time, rather than part-time, work.

The next section outlines a model that describes an individual’s choice between full-time employ-
ment, part-time employment and non-employment. Section 3 introduces a dynamic mixed multinomial
logit model of labor supply behavior. Section 4 provides an overview of the British Household Panel
Survey, and summarizes the main features of the estimation sample. Section 5 contains the results,
including comparisons of estimated state dependencies as implied by models that feature different
assumptions concerning the distribution of the unobservables. Section 6 concludes. The appendices

can be found within the accompanying Supplementary Materials.

2 A Dynamic Multi-state Labor Supply Model

We develop and estimate a discrete choice model of women’s labor supply dynamics. Specifically, we

model transitions between the three most important labor market states for women, namely full-time



employment, part-time employment and non-employment. The model proceeds as follows. In year ¢
individual ¢ chooses between full-time employment ( f), part-time employment (p) and non-employment
(n) so as to maximize her current payoff. The individual receives a payoff Vj(Qu_l, Xit, 0i+) if she
chooses employment state j at time t for j = f, p, n. Payoffs are functions of the relevant elements of the
individual’s employment history, 2; ;—1, individual characteristics observed by both the individual and
the econometrician, denoted X;; and henceforth referred to as explanatory variables, and individual
characteristics that are known to the individual but which are unobserved to the econometrician,
denoted g; ;; for j = f,p,n. The variables ;; 1, X;; and g;j; may be vectors. Conditional on
observed characteristics and the individual’s employment history, optimizing behavior on the part of

the individual implies the following labor supply probabilities

Vf Qi ) ) > VP 3 )
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where P j(€2—1,X;+) is the probability of individual i choosing employment state j at time ¢ and
P() denotes a probability.

The term “payoff” in this context refers to the individual’s utility associated with a particular
employment state, taking into account any costs and benefits, as well as the income, associated with
the employment state. Payoffs will depend on both the current period rewards to contemporaneous
labor supply choices and, in the event that the individual is forward looking, the expected future
benefits to current actions, including higher future wages arising from positive wage-based rewards to
experience (e.g., Eckstein and Wolpin, 1989; Francesconi, 2002).

The above formulation is sufficiently general to allow dependencies between an individual’s past
and current labor supply decisions due to habit formation in labor supply behavior (Bover, 1991; Kubin
and Prinz, 2002; Woittiez and Kapteyn, 1998), wage based rewards for human capital accumulated via
labor market experience (Altug and Miller, 1998; Eckstein and Wolpin, 1989; Imai and Keane, 2004;
Wolpin, 1992) and job search costs (Heckman and MaCurdy, 1980; Hyslop, 1999). Job search costs
generate dependencies between labor supply choices in consecutive years, while habit formation and
the accumulation of human capital have the potential to create dependencies in labor supply behavior
spanning several years.

Before proceeding, we highlight a limitation of our analysis: we do not attempt to model the
demand side of the labor market and, therefore, we neglect any constraints on the available of em-
ployment opportunities. This feature of our analysis should be borne in mind when interpreting the
estimated dynamic responses of labor supply behavior to temporary employment shocks (see Sec-
tion 5.2). Specifically, to the extent that adjustments in labor supply behavior cause responses on the
demand side of the labor market, our estimation results will be unrepresentative of the full effects of

employment shocks on labor supply behavior.



3 Estimation Strategy

The central econometric framework takes the form of a dynamic mixed multinomial logit model. Such
a model is obtained by adopting a specification for the payoff functions appearing in the above la-
bor supply probabilities and then placing appropriate distributional assumptions on the unobserved
individual characteristics. This section proceeds by discussing the specification of payoffs, the deriva-
tion of the likelihood function, and issues surrounding identification. Finally, the chosen empirical

specification is presented together with the proposed Maximum Likelihood estimation method.

3.1 Specification of Payoffs

An examination of Equations (1a)-(1c) reveals that labor supply probabilities can be expressed in
terms of the two indices Vf(Q@t,l,Xi,t,gi,f’t) — V™ Qit—1,Xit, 0ine) and VP(Qi—1, Xit, Oipt) —
V™ (-1, Xit, 0ine). (The third index Vf(Qm_l,Xi,t, 0if.t) — VP(Qii—1, Xiyt, 0ipy) is redundant as

it is equal to the difference between the other two indices.) The following specification is adopted
VI(Qig—1, Xig, 0ij) — V™ (g1, Xit, 0int) = Q=17 + Xiabj + hi(Qig—1, X, 0i5,0) for j = f,p, (2)

where v; and b; for j = f,p are suitably dimensioned vectors of unknown parameters. The first
two terms on the right hand side of the above represent the observed components of the individual’s
payoff from state j for j = f, p relative to non-employment, while h;(§;;—1, X, 0ij¢) for j = f,p are
functions that describe the components of the individual’s payoffs from full-time and part-time work,
relative to non-employment, that arise from the presence of the unobserved individual characteristics.

The coefficient vectors by and b, appearing in Equation (2) thus measure the marginal effects
of the individual characteristics in Xj;;, such as education and household structure variables, on
the observed components of the individual’s payoffs from, respectively, full-time work and part-time
work relative to her payoff from non-employment. Meanwhile, the coefficient vectors vy and ~, in
Equation (2) measure the marginal effects of the individual’s employment history, ;¢ 1, on the
observed components of her payoffs from, respectively, full-time work and part-time work relative
to her payoff from non-employment. State dependencies are present if any elements of v or v, are
different from zero. The econometric analysis is conducted using panel data where information about
an individual’s employment history is restricted to the duration of the individual’s presence in the
panel. Thus, prior to estimation, restrictions on the specification of 2; ;1 are required. In this study
attention is restricted to the case where only the individual’s labor market outcomes in the past two
years affect her payoffs in the current year. Specifically ;1 = [Yi ri—1,Yipi—1,Yi fe—2, Yipi—2],
where Y; ;; is an indicator taking the value one if individual ¢ was in employment state j at time ¢ and
zero otherwise. Suppose labor market outcomes are observed in years t = 1,...,T. Equation (2) then
holds for t = 3, ..., T. This specification should not be overly restrictive as the strongest intertemporal
dependencies in labor supply incentives are likely to occur over short time horizons.

We note here two further features of our specification of the payoff functions. First, the specification
of payoffs detailed by Equation (2) should be interpreted as an approximation to the state-specific
value functions occurring in the underlying dynamic programming problem (and therefore in the

choice probabilities (1a) - (1c)). Second, the explanatory variables X;; do not include employment



state-specific variables, such as wages or measures of occupational status, because such quantities are
unobserved for all employment states not chosen by the individual at time ¢. Instead, X;; includes
variables that are generally deemed to be the underlying determinants of payoff-relevant employment
state-specific outcomes. In consequence, the posited specification of payoffs is such that the financial
incentives associated with employment choices are not modeled directly, i.e., income does not appear
directly in the payoffs. One obvious limitation of this approach is that we are unable to determine the
employment effect of a policy that changes the financial incentives associated with either employment
or non-employment, for example, a tax reform. However, this specification is adequate here as the
focus of our study is on the implications of assumptions regarding the distribution of unobservables
for estimates of state dependencies, rather than the behavioral effect of a specific policy intervention.

An initial conditions problem arises when estimating this model. Given the dynamic structure
of the model and the above described specification of the individual’s employment history, €2;; 1,
the individual’s employment outcome in the year ¢t = 1 depends on her employment outcomes in the
years t = 0 and ¢t = —1, which are unobserved to the econometrician. Likewise, the individual’s
employment outcome in the year ¢ = 2 depends on her unobserved employment outcome in the
year t = (0. Therefore, employment outcomes in the years ¢t = 1 and ¢t = 2, referred to as the initial
conditions and denoted IC};, cannot be modeled in the same way as subsequent employment outcomes.
When estimating the parameters of the above model, we adopt the treatment of the initial conditions
proposed by Wooldridge (2005). According to this approach, the distribution of the unobservables and
individual likelihood contributions are defined conditional on the initial conditions. The Wooldridge
(2005) approach to the initial conditions problem provides a computational advantage, relative to
the approach of Heckman (1981b), in the form of reducing the number of unknown parameters. We
explain immediately below how we accommodate a dependence of the unobservables on the initial
conditions.

The unobserved characteristics g; j; for j = f,p are henceforth taken to represent unobserved
characteristics that affect the difference between the individual’s payoff from employment state j
and her payoff from non-employment. In the econometric analysis, we adopt a correlated random
effects specification. Specifically, the adopted specification of the unobservables allows time invariant
random intercepts, autocorrelated unobservables and time invariant random coefficients. Furthermore,
we allow the time invariant random intercepts to be correlated with time varying observed individual

characteristics and the initial conditions. Mathematically,
hj(Qt—1, Xit, 0i41) = Qig—1wij + Wiemij + e +vij + &g for j=fip;t=3,..T, (3)

where W;; denotes selected elements of X;;, and (; r; and ¢; ;¢ follow first order autoregressive pro-

cesses

Gigit = PiGigt—1 +sije for j= fip; t=3,...,T. (4)

In the above p; for j = f,p are autocorrelation coefficients and ({& j, i jt s, wij, Tij, Vij) for
j = f,p are unobserved individual characteristics.

The pairs (&, 74, &ip,¢) fort =3, ..., T are assumed to occur independently of the other unobservables



and independently over time, and thus represent time varying shocks to individuals’ payoffs. The
remaining unobserved individual characteristics consist of four distinct components: (i) w; r and w;,,
are the random components of the coefficients on the individual’s employment history, €;;_1; (ii)
m;,f and m; , represent the random components of the coefficients on the explanatory variables, W; 4
(iii) ¢i, ¢+ and (;p¢ represent the autocorrelated random components of the employment state-specific
intercepts; and (iv) v; y and v;;, are the unobserved time invariant components of the employment
state-specific intercepts.

We assume that, conditional on v; ; for j = f, p, the observed individual characteristics X;; and the
initial conditions IC; are strictly exogenous. Mathematically, we require that ({&; j+, it} g, Wi js Tij)
occur independently of X;, and IC; for all 7,¢,s and j. However, we capture the endogeneity of
observed individual characteristics and the initial conditions by permitting a dependence of the time
invariant unobserved components of the employment state-specific intercepts, that is v; y and v; 4, on
the individual’s observed characteristics and the initial conditions. Specifically, based on Chamberlain

(1984), we adopt the following correlated random effects specification
Vijg =ZiXj +1Ci(9; + i) + Uiy for j=fp, (5)

where Z; denotes the vector of sample averages of individual i’s time varying characteristics, specifically
children and unearned income, A\; and ¥, for j = f,p are suitably dimensioned vectors of unknown
parameters and 1); ; for j = f, p are the random components of the coefficients on the initial conditions,
1C;. In our empirical implementation, IC; consists of five variables indicating if the woman worked
full-time, worked part-time or was non-employed in both ¢ = 1 and ¢ = 2, worked both full-time
and part-time in her first two years in the sample or worked full-time and was non-employed in her
first two years in the sample. According to Equation (5), the unobserved employment state-specific
intercept v;; is decomposed into a component Z;\; + IC;(9; + v;;), which reflects the contribution
of observed individual characteristics and the initial conditions, and a second component v; ; which is
unrelated to observables. We assume that both v; ; and v; ; occur independently of X;; and IC; for
all ¢,¢ and j.

Intuitively, this correlated random effects specification allows selected sources of unobserved het-
erogeneity to be correlated with observed individual characteristics and the initial conditions, while
maintaining that the initial conditions and the past, present and future values of the individual’s
observed characteristics are independent of the remaining unobservables. In consequence, observed
individual characteristics are assumed to be strictly exogenous with respect to only a subset of the
unobservables that drive labor supply behavior. Provided that the individual-level sample means of
the time varying characteristics capture fully the unobservables that drive both labor supply and fer-
tility our correlated random effects specification will account for the endogeneity of fertility. However,
in the event that there remain further variables that influence labor supply and fertility the children
variables may still be endogenous. In a further round of empirical analysis, presented in detail in Ap-
pendix C.1, we demonstrate that our results are robust to the aforementioned exogeneity assumptions.
Specifically, we estimate two alternative model specifications, namely a model that attempts to proxy
for possible sources of endogeneity and a model that is reduced form in the potentially endogenous

variables, and we show that in both cases our key empirical findings continue to hold.



We do not attempt to estimate a fixed effects version of our model as this would introduce many
largely unresolved issues. In particular, if any time invariant unobservables appearing in our model
were treated as fixed effects then this would give rise to the well-known incidental parameters problem
(Neyman and Scott, 1948), and lead the Maximum Likelihood Estimator to be biased, and inconsistent
as the number of individuals goes to infinity with the number of time periods held fixed. Ferndndez-Val
(2009) shows for a dynamic probit model that bias correction can reduce substantially finite sample
bias (Carro, 2007, and Hahn and Kuersteiner, 2004, provide further results in this area). However,
the empirical properties of bias corrected estimators have not been established in the current setting,
where we have a non-linear, specifically multinomial, dynamic model with individual-specific intercepts

and individual-specific coefficients on observed characteristics.

3.2 Derivation of the Likelihood Function

The following definitions are required prior to deriving individual i’s contribution to the likelihood.
Define o;; as 0;: stacked over t = 3,...,T for j = f,p. Similarly, let X; denote X;; stacked over
t=3,....,T. Weuse G(0;,f, 0i p|Xi, IC;) to denote the distribution of (g; f, 0; ) conditional on observed
individual characteristics, X;, and the initial conditions, IC;. Define the one by three dimensional
vectors Ay = (1,0,0), A, = (0,1,0) and A, = (0,0,1) and let A;; = A; if individual i chose state j

at time ¢ for j = f,p,n. Additionally define the two by three dimensional matrix B;; as follows

(A, A7) it Yipe = 1
B@t = (A/f?A{n)/ if Y:L',p,t = 1 for t=3,..T. (6)
( /f7 A;))/ if Y;,n,t =1

Lastly, let V; ; denote Vj(Qw_l, Xit, 0ij.t) stacked vertically over j = f,p,n.

Individual ¢’s contribution to the likelihood takes the following form

L; = / I(A;3Vig > max{B;3Vi3} N Aj4Via > max{B;4V;4} N ...
Qi, f+0Qi,p
N A Vi > max{B; rV; 1})dG(0i ¢, 0ip| Xi, IC;), (7a)
T
= / [ 1(AiVi > max{B; Vi })dG iz, 0ip| Xi, ICy), (7b)
=3
Qi,f+0Qi,p

where I(.) is an indicator of whether the statement in parentheses is true and the integrals in the two

above equations are over the entire support of (0;,f, 0ip)-

3.3 Identification and the Distribution of Unobservables

Identification of multinomial choice models requires well-known scale and location normalizations
(Ben-Akiva and Lerman, 1985; Bunch, 1991; Keane, 1992). By specifying the problem in terms of
differences in payoffs the required location normalizations have been imposed. However, depending
on the distribution of the unobservables, an identifying scale normalization might be required as

multiplying all payoffs, including the components of payoffs attributable to unobservables, by a positive



constant does not change optimal behavior. In all that follows, G(g; ¢, 0ip|Xs, IC;) is taken to be the
distribution of the unobserved individual characteristics after the minimum normalizations required
to ensure identification have been imposed.

The functions hj(¢—1, Xi¢, 0i5¢) for j = f,p and the distribution function G(o; ¢, 0ip|Xi, I1C;)
together dictate both the structure of persistence in unobservables and the joint distribution of unob-
servables occurring in a particular year. As discussed above, allowing persistence in unobservables is
necessary for determining correctly the nature of state dependence in labor supply behavior. Mean-
while, Hausman and Wise (1978) show that estimates of marginal effects, substitution patterns and
elasticities are not robust to the assumed intratemporal distribution of the unobservables. It is there-
fore desirable to work with a flexible distribution of unobservables. However, even after imposing all
necessary identifying scale and location normalizations, care is required when working with flexible
forms of the above described structure of the unobservables. Indeed, unlike in the binary case, in
the current multinomial labor supply model some of the more obvious, fully parametric, specifica-
tions of h;(21—1, Xit, 0i5¢) for j = f,p and distribution of the unobserved individual characteristics,
G(Qi, fsQip
bution of the unobserved individual characteristics, and therefore are nonparametrically unidentified.

X, IC;), generate models that are identified purely by the functional form of the distri-

This results follows from Matzkin (1993), who considers identification of polychotomous choice mod-
els in which neither the observable components of the payoff functions nor the distribution of the
unobservable random terms are specified parametrically. A lack of nonparametric identification is
conceptually unappealing. Furthermore, Keane (1992) presents Monte Carlo evidence that illustrates
the very poor empirical performance of multinomial choice models in which parameters are identi-
fied only by the functional form of the distribution of the unobservables. Thus, in the subsequent
analysis, attention is restricted to model specifications in which the distribution of unobservables is
nonparametrically identified.

The possibility of an absence of nonparametric identification can be understood by manipulating
the individual likelihood contributions displayed above in Equation (7b). Let g; ;, denote g; ;: net of
the additive transient unobservable &; ;+ for j = f,pand t = 3,...,T. Further, define g, ; as g; ;; stacked
over t. In Section 3.1 we assumed that the pairs (& 7+, &ip¢) for t = 3,...,T are strictly exogenous and

occur independently of the other unobservables and independently over time. Therefore

T

G(0i,f, 0ip| Xi, ICi) = Gg(0;, £, 0; | Xis IC) H GE(&iptsCipt)s (8)
=3

where Gg(9; 1, 0; | Xi, IC;) denotes the joint distribution of (g; ,9;,) conditional on X; and IC;,
and Gé(ﬁi,f,tv &ipt) denotes the joint distribution of (& f+,&ipt). Combining Equation (8) with Equa-
tion (7b) gives

T
Li— / 11 / T(A; Vie > max{BisVig} B s Bip)AGLEs ps Eipt) | AG(@i g0y Xin ICH). (9)

_ Y =3
Qi,f>Qip i f.t:8ipt

In a nonparametric setting each of the distribution functions Gg (& p:&ipet) for t =3,...,T can be

10



varied independently of G5(9; f,0;,|Xi, IC;). In other words there may be unknown parameters in
GZ (&, f.t5&ip,t) that affect the probability that A;;V;; > max{B,; +V; .} conditional on the non-transient
unobservables (g; ¢, 9;,,) but which do not enter G4(9; f,0; ,|Xi, IC;). In this case the bivariate dis-
tribution functions, which appear in parentheses in Equation (9), are nonparametrically unidentified
as the same observed variables affect both the probability that A;;V;; > B;;1V;; and the probability
that A; Vit > B; 2V, where B,y ), for k = 1,2 denotes the kth row of B; ;. Obtaining models that are
nonparametrically identified thus requires that the distribution of the unobservables be restricted such
that Gg(fhf,t, §ipt) for t =3,..., T cannot be varied independently of Gg(g; f, 0; ,| Xi, IC;). Therefore,
nonparametric identification requires that all unknown parameters appearing in the distribution of the
unobservables must be identified from intertemporal rather than cross-sectional variation in behavior.
In Section 3.4 below we explain how our adopted empirical specification ensures that we work with
distributions of the unobservables that are nonparametrically identified.

Before proceeding, we make two further comments about identification. First, Equation (9) shows
that the lack of nonparametric identification is related to the absence of employment state-specific
explanatory variables. If, in contrast to the specification given in Equation (2), the payoffs included,
for example, employment state-specific incomes or other characteristics of the employment states,
parameters would, under appropriate regularity conditions, be nonparametrically identified (Harris
and Keane, 1998, and Keane, 1992, provide further discussion of this issue). Second, we note that the
lack of nonparametric identification is specific to discrete choice models with three or more alternatives;
in the corresponding binary choice model nonparametric identification is less problematic as choice

probabilities depend on a single index.

3.4 Empirical Specification

In accordance with the above described requirements for nonparametric identification, the time varying
shocks to individuals’ payoffs (& ¢+, & p,¢) for t =3, ..., T are assumed to have distributions that do not
contain unknown parameters. In what follows, &; r; and &; j, ; are defined respectively as €; ¢ —¢€; ¢ and
€ipt — €imyt for t = 3,...,T where ¢ ;; for j = f,p,n and are mutually independent and independent
of {X@S}ST:3 and IC;. Furthermore ¢;;; for j = f,p,n are assumed to have type I extreme value
distributions. We note that one could instead assume €;;; ~ N(0,1). The latter assumption would
also ensure that the distribution of the transient unobservables does not contain unknown parameters,
but would yield a dynamic mixed multinomial probit model instead of a dynamic mixed multinomial
logit model. The choice between a normal distribution and a type I extreme value distribution is not
substantiative in this application as these two different distributional assumptions imply only a small
difference in the distribution of the (suitably rescaled) error differences that appear in Equation (2).

It follows that, conditional on (€21, X4, 0; fﬂf,@i,p,t), the individual’s choice probabilities are
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independent over time and take the familiar multinomial logit form

B exp(Qis—17; + Xisbs + b (-1, Xir, 0 54))
L4 XP(Qig—1k + Xk + Pio(Qi—1, Xit, 01 1))

Pi,j,t(Qi,t—la Xiﬂfa @i,f,ta @i,p,t)

for j = f.pit =3, T, (10)
1
P', 7t(Q'7t—17X',t)E' ) 04 ) = — —
i,n i i i, f,t) Qipt 1+ Zk:‘ﬂp exp(Qi,t—IVk + Xi,tbk + hk(Qi,t—ly Xi,t; Qi,k,t))
fort=3,...,T, (10b)

where, for j = f,pand t = 3,..., T, h;(Qi -1, Xit, 0 j+) denotes h; (11, Xi 1, 0ij,) net of the additive
transient unobservable &; ;. The expression for individual i’s likelihood contribution given above by

Equation (7b) can be rewritten as follows

T
L, = / H H Py ja(Qis—1, Xit, 0 .0 0ipy) 7 dG5(0; 5, 0; | X, ICy). (11)
t=3j=fpn

Bi B

Nonparametric identification requires that all unknown parameters appearing in the distribution
of the unobservables must be identified from intertemporal rather than cross-sectional variation in
behavior. Consider the case where ﬁj(Qm_l, Xi,t,@,j,t) allows only time invariant individual-specific
random effects. In this case, two periods of observations subsequent to the initial conditions, i.e., four
periods of observations including the two initial periods, is sufficient for nonparametric identification
of G(g;, f,@-7p|XZ-, IC;): with two periods of observations subsequent to the initial conditions the joint
distribution of the non-transitory unobservables in adjacent time periods can be obtained, and with the
restriction that non-transitory unobservables consist of time invariant random effects the distribution
of the random effects is thus obtained (Walker et al., 2007). By analogy, if h;(:—1, Xit, 0; )
additionally allows autocorrelation in the employment state-specific intercepts then nonparametric
identification of G(g; f, 0; ,| Xi, IC;) requires T' > 5; an extra year of observations is required in order to
separate the autocorrelated and time invariant unobservables. The introduction of random coefficients
does not require a longer panel for nonparametric identification provided that random coefficients on
the time dummies and any other variables that, for all individuals, are non-zero in a maximum of one
year between ¢t = 3 and T are excluded. This ensures that all random coefficients with a distribution
that contains unknown parameters affect payoffs in at least two years between t =3 and t = T.

Six different specifications of the unobservables are considered. The specifications vary in the
richness of the permitted unobservables, and therefore cross-specification comparisons are informative
about the importance of the various types of unobserved heterogeneity under consideration. The
first specification, presented primarily for comparative purposes, consists of a standard multinomial
logit model. The second and third specifications allow the employment state-specific intercepts to
include time invariant individual effects. In both specifications, the means of the employment-state
specific intercepts may depend on the individual-level sample averages of the child variables and
unearned income and on the initial conditions, and therefore correlated random effects are permitted.
In the second specification the random components of the employment state-specific intercepts are

jointly normally distributed with mean zero and an unrestricted covariance matrix. Meanwhile, in the
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third specification we assume a distribution generated by a mixture of two normal distributions with
different means and covariance matrices. The fourth specification allows the employment state-specific
intercepts to contain time invariant components, as in the second specification, and autocorrelated
components, where the autocorrelation processes are jointly normal and the initial conditions of the
autocorrelation processes ensure stationary. The fifth specification allows time invariant individual
effects, as in the second specification, and random coefficients on the individual’s previous employment
outcomes, the initial conditions and selected explanatory variables. The two random coefficients
on a particular variable, for example, the k' elements of m;, ¢ and m; 5, are assumed to be jointly
normally distributed with zero mean and an unrestricted covariance matrix, and all pairs of random
coeflicients are mutually independent and independent of the random components of the employment
state-specific intercepts. Allowing correlations between all pairs of random coefficients leads to a
prohibitively large number of parameters. The sixth specification is the most general specification
under consideration and augments the fifth specification by permitting autocorrelation, as previously
described, in the employment state-specific intercepts. The notes accompanying Table 3 provide
further details concerning the implemented distributions of the unobservables.

We refrain from considering latent class models. According to this approach, each individual is one
of a finite number of distinct types, and each type is characterized by a particular vector of unobserved
attributes. Latent class models thus provide a means of including permanent unobservables but with-
out the need to specify a particular distribution. However, such models quickly proliferate parameters
as the number of types or latent attributes increases. Another alternative, nested models, have be
used extensively in multinomial choice problems in order to capture cross-alternative correlations in
unobservables, particularly in applications where the choice set is large. However, in the current appli-
cation nested models do not provide a natural means of modeling the unobservables. In particular, the
application of a nested model requires that choice alternatives be assigned to nests prior to estimation.
However, given the choice alternatives of full-time work, part-time work and non-employment, there is
no entirely plausible allocation of choice alternatives to nests. Indeed, there are reasons for grouping
part-time employment with both full-time employment and non-employment. Finally, neither latent

class models nor nested models can accommodate straightforwardly autocorrelation.

3.5 Estimation Methodology and Performance

Given a sample of IV individuals and assuming independence over individuals, the likelihood func-
tion is the product of the individual likelihood contributions for the sample members, given above
in Equation (11). However, due to the integration with respect to the unobserved individual char-
acteristics, analytic expressions for the individual likelihood contributions are unavailable for all but
the simplest specifications of unobserved heterogeneity. Let h; denote Ej<Qi,t—17Xi,t7@i,j,t) stacked
over j = f,p and then over ¢ = 3,...,T and define the 2(T — 2) by 2(T — 2) conditional covariance
matrix T; = VAR [h;|X;, IC;]. The dimension of the integral occurring in the individual’s likelihood
contribution is equal to the rank of Y;, which in turn depends on the assumed distribution of the
unobservables. Specifications in which unobservables take the form of time invariant random inter-
cepts require integration over two dimensions while each pair of random coefficients adds two to the

dimension of the integral, up to a maximum of 2(7 — 2). Specifications that include autocorrelation
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involve 2(T" — 2) dimensional integrals. For two dimensional problems fast and accurate quadrature
methods are available to evaluate the individual likelihood contributions (Geweke, 1996, provides a
survey). However numerical methods are unable to evaluate the likelihood contributions with suffi-
cient speed and accuracy to be effective in problems where the dimension of integration is greater than
two (Bhat, 2001; Hajivassiliou and Ruud, 1994). Consequently, in the context of the current applica-
tion, numerical methods to evaluate the likelihood contributions are unavailable when unobservables
feature random coefficients on several variables or when 7" is moderately large and unobservables are
autocorrelated.

For models where an analytic expression for the likelihood is unavailable we use simulation tech-
niques to evaluate the likelihood contributions. Simulation methods replace the intractable integral
in the likelihood function by a sum over likelihood functions evaluated at different draws from the
distribution of unobserved heterogeneity. Let (@f f,@:p) denote the r** draw from the distribution

G(0;,5, 0; | Xi, IC;) for individual i. Individual i’s likelihood contribution is simulated as follows

R T
1 — p— ..
£i= 53T TT Por@ums Xea i)™ (12)
r=1 t:3J:f7p7n

Continuing to assume independence over individuals, the simulated likelihood is the product of the
simulated individual likelihood contributions for the sample members. Maximum Simulated Likelihood
estimates are obtained by maximizing the log simulated likelihood function. By the strong law of large
numbers the Maximum Simulated Likelihood estimates converge almost surely to the true parameters
as R — oo and N — oo. Moreover, if R increases at a fast enough rate relative to N, Maximum
Simulated Likelihood estimation is asymptotically equivalent to Maximum Likelihood estimation. In
particular, with pseudo random draws, v N/R — 0 as N — oo is required (Hajivassiliou and Ruud,
1994).

In this application, the likelihood is simulated using antithetic variates rather than pseudo random
draws. Antithetic variates are a variance reduction technique which reduces simulation noise by using
draws from the distribution of the unobservables with more even coverage than pseudo random draws
(Train, 2003, describes the construction of antithetic variates). Hajivassiliou (1999) presents Monte
Carlo evidence which shows that the use of antithetic variates in Maximum Simulated Likelihood
problems approximately halves the number of draws required to obtain a given level of accuracy.
We note that Halton draws are not appropriate in this application due to the high correlation, and
therefore poor multidimensional coverage, of the draws which occurs in high dimensional problems,
such as the one in hand. Indeed, Hess and Polak (2003) show that the poor multidimensional coverage
of high dimensional Halton draws can cause serious problems in the estimation of models with high-
dimensional integrals.

Monte Carlo simulations, presented in Appendix A, illustrate the severity of the numerical prob-
lems afflicting a dynamic mixed multinomial logit model in which identification is reliant on the
functional form of the distribution of the unobservables. In Appendix B we present Monte Carlo
evidence demonstrating the satisfactory empirical properties of the Maximum Simulated Likelihood

estimator of the parameters of the two most complex specifications of unobservables under considera-
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tion. In summary, for a specification in which unobservables include random coefficients but exclude
autocorrelated unobservables evaluation of the likelihood using 500 antithetic draws yields parameter
estimates with tolerably small amounts of bias. A specification including autocorrelation displays
a moderate amount of simulation bias when 500 or 2,000 antithetic draws are used, but biases are
relatively small when estimation uses 5,000 antithetic draws. Therefore all of our empirical analysis

uses 5,000 antithetic draws.

4 Data and Sample

The data source used for the empirical analysis is the British Household Panel Survey (BHPS). The
BHPS is an ongoing annual panel survey that started in 1991 with a nationally representative sample
of approximately 5,500 households in Great Britain. The sample used for analysis is a weakly balanced
panel covering the years 1991 - 2008. We construct our sample such that each individual is present for
exactly 13 years. Attention is restricted to married or cohabiting, non-retired women aged between
18 and 65 years. Single mothers and single adult households are therefore excluded from the sam-
ple. Women who satisfy the sample selection criteria for more than thirteen consecutive years enter
our sample at a date randomly selected from those dates that provide at least thirteen consecutive
observations, and leave the sample after thirteen years. The final sample consists of 1,288 different
women and 16,744 person-year observations. The previously described method for constructing the
sample was chosen for three reasons. First, the weakly balanced panel structure allows us to employ
the treatment of the initial conditions proposed by Wooldridge (2005) (the final paragraph of this
section discusses approach further). Second, as noted above in Section 3.4, robust identification of
the parameters of model specifications that feature both autocorrelation and time invariant random
intercepts requires a minimum of five repeated observations. A panel length of thirteen observations
per individual therefore provides a sufficient number of repeated observations to allow us to distinguish
empirically the various sources of persistence in behavior. Third, random selection of the sample entry
date for individuals who provide in excess of thirteen consecutive observations ensures that we have
enough observations in each calender year to be able to control effectively for common time effects.
The chosen measure of employment status is based on reported usual weekly hours of work. Fig-
ure 1(a) shows the density of the observed usual hours of work of the sampled women in employment,
that is those with strictly positive usual hours of work. There are pronounced peaks at around 20
and 38 hours of work per week representing the hours of work frequently associated with, respectively,
part-time and full-time work. For the purpose of the empirical analysis, and in accordance with the
conventional British definitions of full-time and part-time work, women reporting usual weekly hours
of work of between zero and 30 hours are classified as part-time employed, and women reporting
usual weekly hours of work of over 30 hours are classified as full-time employed. Non-employment
corresponds to zero usual weekly hours of work. Classification error in employment status should
be minimal as observations of usual hours of work refer to usual working hours at the exact time of
the annual survey, rather than being a retrospective report of usual working hours at some pervious
date. Figures 1(b)- 1(d) illustrate the high level of persistence in women’s employment outcomes.

Around 85% of women who were working full-time one year previously are in full-time employment in
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Figure 1: Density of observed hours of work, and observed persistence in employment outcomes.

the current year. Similarly, approximately 80% of women who were working part-time or who were
non-employed one year previously are in the same employment state in the current year. There is
also evidence of persistence over a longer time horizon. For example, around 55% of women who were
working full-time 12 years previously are currently in full-time work. The corresponding figures for
part-time work and non-employment are 50% and 46% respectively.

The explanatory variables used in the empirical analysis are the conventional variables used in stud-
ies of women’s labor supply behavior: education; age; child-related variables; and unearned income,
which includes the husband’s earnings. Arguably the most important of the child-related variables is
an indicator of the woman having given birth to a child during the ten months prior to the annual
survey or during the two months following the annual survey (in the presentation of the results this
variable is denoted “YOUNGEST CH. 0-1 YEAR” and is referred to as a “child aged under 1 year”).
Our indicator of birth is thus constructed such that recent births and shortly impending births are
treated in the same; we proceed in this way in order to capture women’s entitlement to maternity
leave under United Kingdom legislation. In addition, throughout the empirical analysis we include

a full set of year dummies in order to control for fluctuations in labor market conditions. Table 1
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contains further details concerning the explanatory variables.

Finally, we comment on the nexus of our weakly balanced panel structure, the use of the Wooldridge
(2005) approach to the initial conditions and the adopted correlated random effects specification.
Given our weakly balanced panel structure, all individuals are observed for exactly thirteen consecutive
years, however individuals differ in the date at which they enter the sample, e.g., some individuals
are observed from 1991-2003 inclusive, while others are observed from 1995-2007. The construction
of Equation (5) assumes implicitly that the link between the random intercepts, v;; for j = f,p,
and individual-specific averages of time varying characteristics, Z;, and the initial conditions, IC; is
common across individuals. Therefore, in the context of our weakly balanced panel structure we require
that the relationship between the random intercepts v; ; for j = f, p and the relevant observables does

not depend on the specific years in which the individual was present in the sample.

5 Results

The dynamic mixed multinomial logit model is estimated with six different specifications of unobserved
individual characteristics, as described above in Section 3.4. The parameter estimates and average
marginal effects obtained from Specification VI, the most general specification under consideration,
are discussed in Section 5.1. In sections 5.2 and 5.3 we explore respectively the nature of state
dependence in women’s labor supply behavior and the extent of any heterogeneity in labor supply
dynamics following the birth of a child, again based on Specification VI. In Section 5.4 we investigate
the importance of allowing autocorrelation and random coefficients by making comparisons of the
results obtained from Specification IV with those obtained from Specifications I-V, which impose

more restrictive distributions of unobservables.

5.1 Parameter Estimates and Average Marginal Effects

Specification VI is the most general specification under consideration. This specification allows ran-
dom intercepts with both time invariant and autocorrelated components, and time invariant random
coefficients. The time invariant components of the random intercepts are allowed to be correlated
with the individual’s observed characteristics and the initial conditions. The time invariant random
coefficients appear on the indicator of having a degree, the indicator of the woman’s youngest child
being aged under one year, and on the variables describing the initial conditions. Experimentation
with various specifications of the random coefficients revealed that there are no random coefficients
with significant amounts of variation on any other explanatory variables.

The last two columns of Table 2 show the coefficients on the individual’s employment history
and individual characteristics appearing in the observed components of the payoffs from full-time and
part-time employment. The coefficient estimates are as expected and are not discussed. Instead, we
focus our discussion on the last two columns of Table 4, which show how the coefficients translate into
average marginal effects. The average marginal effects for Specification VI reveal that an increase in
qualifications from no qualifications to A Levels a or higher qualification below degree level significantly
increases the probability full-time work, while women with a higher qualification below degree level

are significantly more likely to work part-time than otherwise identical women without educational
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qualifications. Young children have a strong negative effects on the probabilities of both full-time
and part-time employment. Specifically, women whose youngest child is aged one year or under are
on average 34.36(1.90) percentage points less likely to be working full-time and 9.02(2.88) percentage
points less likely to be working part-time than otherwise identical women without children. The effect
of children on a woman’s probability of engaging in full-time work decreases quickly as the age of the
woman’s youngest child increases, while a youngest child aged between 1 and 7 years has a significant
positive effect the probability of part-time employment.

We find that unearned income has a negative effect on the probability of full-time work and on the
probability of part-time work, but neither effect is significant. This result is not surprising as, via the
correlated random effects specification (see Equation (5)), the individual-specific average of unearned
income is included in the payoffs, in addition to the contemporaneous value of unearned income.
Therefore, the marginal effects of unearned income reported for Specification VI in Table 4 refer to
the effect of transitory, rather than permanent, unearned income. Consistent with the theoretically
negative effect of life-cycle unearned income on labor supply, the coefficients on the individual-level
average of unearned income in the payoffs from full-time and part-time work (not reported) are both
significantly negative (based on Specification VI, p values are 0.001 and 0.016 for the coefficients on
individual-level average income in the payoffs from full-time and part-time employment, and p = 0.001
for the joint hypotheses that both coefficient equal zero).

The results for Specification VI in Table 4 further show that, on average over the sampled women,
working full-time rather than being non-employed in the previous year increases the probability of
working full-time in the current year by 43.93(4.39) percentage points. Similarly, working part-time
rather than being non-employed increases the probability of working part-time in the current year
by 23.40(2.93) percentage points. These results confirm the presence of significant state dependence
in women’s labor supply behavior. The nature of the intertemporal dependencies in labor supply
behavior is explored in further detail below in Section 5.2.

In terms of the distribution of the unobservables, the results in Table 3 that pertain to Specifica-
tion VI reveal negative first order autocorrelation in the unobservables affecting payoffs from full-time
employment and positive first order autocorrelation in the unobservables affecting payoffs from part-
time employment. (A likelihood ratio test for the joint significance of ps and p, reveals that the null
hypothesis of zero autocorrelation in the time-varying component of unobservables is rejected at all
conventional significance levels.) Women with young children have very large and significant amounts
of variation in their unobserved payoffs from working full-time. There is also significant variation in
women’s unobserved preferences for part-time employment if they have a young child, but far less than
for full-time employment. This unobserved variation in payoffs might reflect unobserved variation in
child-care costs or unobserved variation in productivity in home production. Similarly, women with a
degree level qualification have a significantly higher level of unobserved variation in their payoffs from
working part-time than women with other levels of qualifications. This is consistent with a relatively
high level of heterogeneity in the labor market returns to a university education in the event that the
woman works part-time. The coefficients on lagged employment behavior display relatively small and
generally insignificant amounts of variation. We conclude our discussion of the parameter estimates for

Specification IV by noting that we reject conclusively the null hypothesis of zero correlation between
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Spec. 11 Spec. 111 Spec. IV Spec. V Spec. VI
Slntercept 1 {1 %a 4 o9 152 1.21 155 1.28 154 1.03 268 1.84
(0.25)  (0.22) (1.07)  (1.59) (0.44)  (0.36) (0.30)  (0.26) (0.62)  (0.48)
&)'95’)
Y Intercept 2 088 047
(0.28)  (0.64)
0.94
(0.94)
H2 1.06
(1.06)
a 0.63
(0.03)
pF —~0.16 —0.12
(0.19) (0.10)
0.12 0.31
Pr (0.29) (0.19)
2.39 5.64
S (1.59) (1.87)
¢ 0.96 0.73 0.89 1.32
(0.04)  (0.83) (0.11)  (0.75)
0.30 0.66 )
Yy, (0.42) (0.64)
infi0=2 0.02 0.00 0.20 0.07
(0.23)  (0.03) (0.39)  (0.23)
0.18 0.23
Yy, (0.37) (0.56)
ipit=2 0.25 0.34 0.18 0.23
(0.33)  (0.31) (0.41)  (0.34)
0.63 0.02
Sy (0.49) (0.19)
Bfie-1 0.68 1.12 0.09 0.50
(0.47)  (0.60) (0.39)  (0.59)
0.06 0.06
by (0.15) (0.18)
Yip,t-1 —0.13 0.28 —0.14 0.34
(0.11)  (0.24) (0.17) (0.32)
XDEGREE 0.68 1.21 1.15  1.74
(0.54)  (0.53) (0.82)  (0.65)
7.71 13.47
YoHILD (2.88) (5.43)
442 2.53 7.42 428
(1.68)  (1.35) (2.94)  (2.04)

Notes: Standard errors in parentheses. Specification I has no unknown parameters in the distribution of the unobserv-
ables. In Specifications II and IV-VI, XIntercept 1 is the covariance matrix of the time invariant components of the
random intercepts. Specification III has time invariant random intercepts with a distribution obtained from the mixture
of two bivariate normal distributions: with probability « the random intercepts have mean zero and variance > Intercept
1 and with probability (1 — «) the random intercepts have mean ps and variance XIntercept 2. In specifications al-
lowing autocorrelation in the random intercepts, py and p, are the first order autocorrelation coefficients and ¥ is the
covariance matrix of the innovations in the autoregressive processes. X prcrere and XcnmrLp are the covariance matrices
of the random coefficients on the indicated variables. The covariance matrices of the random coefficients on the initial
conditions in Specifications V and VI are not reported, and the coefficients associated with the correlated random effects
are omitted.

Table 3: Estimates of parameters appearing in the distribution of unobservables for Specifications II-VI

of the dynamic mixed multinomial logit model.

the time-invariant random intercepts and observed individual characteristics.

5.2 Labor Supply following Employment Shocks

In this section we explore the nature of state dependence in labor supply behavior by investigating how
labor supply behavior changes in response to temporary, exogenous, employment shocks. Specifically,
we consider shocks to employment behavior which, for the duration of one year, place non-employed

women in either full-time or part-time employment. The shocks themselves last only one year and
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therefore labor supply behavior subsequent to the shocks is affected only via the effect of the individ-
ual’s previous employment outcome on her current payoffs. These simulation experiments are designed
to illustrate transparently the strength of state dependencies implied by our various model specifica-
tions, but do not correspond directly to any particular policy environment. That being said, many
active labor market policies feature time-limited components (e.g., the polices discussed by Autor and
Houseman (2010), Card and Hyslop, 2005, de Graaf-Zijl et al., 2011, and Gerfin et al., 2005), and
therefore our results are indicative of the implications of assumptions regarding persistent unobserved

heterogeneity for conclusions concerning policy effectiveness.

S S

c c

£9] 9]

5 5 |k

289 £8{ .

2 2 g

o O A o O A —

80 go I——‘I'—_I_ *

SR s 37

S S o lp-

o2 o< —}

o | T T T T T T T T T T T [a N T T T T T T T T T T T

1 2 3 4 5 6 7 8 9 1011 1 2 3 4 5 6 7 8 9 1011
Years after shock Years after shock

—=— Full-time emp. -e- Part-time emp. —=— Full-time emp. -e- Part-time emp.
-+- Non-emp. -+- Non-emp.

(a) Temporary shock moves non-employed women into (b) Temporary shock moves non-employed women into

full-time work: All women non-employed at t = 0. part-time work: All women non-employed at t = 0.

) )

=4 2

S & =Ry

=) © }\

SR S _ g "t

2o = g 3

L o P U o O

T A b Fo 32

c O . c N e

O NA¢--¢ o | /}’

o | © o |-

TR o ¥

a L T T T T T T T T T T o T T T T T T T T T T T

1 2 3 4 5 6 7 8 9 1011 1 2 3 4 5 6 7 8 9 1011
Years after shock Years after shock

—=— Full-time emp. -e- Part-time emp. —=— Full-time emp. -e- Part-time emp.
-+- Non—-emp. -+- Non—-emp.

(c) Temporary shock moves non-employed women into (d) Temporary shock moves non-employed women into
full-time work: Women with young children non- part-time work: Women with young children non-
employed at t = 0. employed at ¢t = 0.

Notes: “Women with young children” refers to the women who gave birth to a child one year after the shock (i.e., at
t = 1). Vertical bars represent 95% confidence intervals. Confidence intervals were constructed from repeated evaluations
of the effects of the policy interventions where each evaluation used a new parameter vector obtained by sampling from
the asymptotic distribution of the MLEs.

Figure 2: Impulse response functions based on Specification VI.
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Figure 2(a) shows the average effect on the labor supply behavior of initially non-employed women
of a temporary shock that moves non-employed women into full-time work. We see that this shock
causes a significant increase in full-time work of 28.5 percentage points in the year immediately after
the shock. The temporary shock continues to have a significant positive, but smaller, effect on full-time
employment in subsequent years. This increase in full-time employment is balanced predominantly by
a reduction in non-employment; the effect of the shock on part-time work is generally negative but is
insignificant. Similarly, Figure 2(b) shows the average effect on the labor supply behavior of initially
non-employed women of a temporary shock that moves non-employed women into part-time work.
Such a shock causes a significant increase in part-time work, and a much smaller, yet significant,
increase in full-time work, together balanced by a reduction in non-employment. Specifically, the
one year own-state dependence effect for part-time employment is 33.3 percentage points, which is
around 5 percentage points larger than the corresponding own-state dependence effect for full-time
employment. Further, one year after a temporary shock that moves initially non-employed women
into part-time work the rate of full-time employment is 2.7 percentage points higher than in the
absence of any shocks, and this effect is significant at the 1.538% level. Due to the asymmetric nature
of the cross-state dependencies and the higher own-state dependence in part-time employment as
compared to full-time employment, a shock that increases part-time employment produces a larger
reduction in non-employment than does a shock that increases full-time employment. This result
highlights the value of our multinomial approach to modeling labor supply; a binary model of labor
force participation would be uninformative about the relative merits of labor market policies that
facilitate either full-time or part-time employment.

Figures 2(c) and 2(d) meanwhile show the dynamic labor supply responses to employment shocks
for initially non-employed women who give birth to a child one year after the shock, henceforth referred
to as “women with young children”. From Figure 2(c) we see that a shock that places non-employed
women with young children in full-time employment causes the rate of full-time employment among
those affected to increase by 8.7 percentage points one year after the shock, a markedly smaller increase
in full-time employment than for the sample average. Additionally, and again in contrast to the results
for the sample average, part-time employment increases significantly for this group of women. In fact,
a shock that places non-employed women with young children in full-time employment causes the rate
of part-time work one year after the shock to increases by slightly more than the increase in full-time
work. Thus, for women with young children, full-time employment provides an important stepping-
stone into part-time employment. Finally, Figure 2(d) shows that a shock that places non-employed
women in part-time employment cause an increase in part-time employment of 36.3 percentage points
among women with young children, however cross-state dependencies are absent in this case. Overall,
we find that among women with young children, persistence in employment, i.e., full-time and part-
time work combined, is higher following a shock that moves non-employed women into part-time work
than following a shock that moves non-employed women into full-time work. Difference between the
own-state and cross-state dependencies in labor supply behavior for women with young children and
for sample average suggests that maximizing the effectiveness of policies incentivizing either full-time

or part-time employment requires tailoring of polices according to demographic characteristics.
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5.3 Heterogeneity in Labor Supply Dynamics after Child Birth

We use the parameter estimates for Specification VI to explore the extent of heterogeneity in labor
supply dynamics following the birth of a child. As discussed in Section 5, Table 3 shows that there
are significant amounts of variation in the effects of having a child aged under one year on a woman’s
payoffs from both full-time and part-time work. Together with the significant state dependence effects
documented above, heterogeneity in the effects of having a child aged under one year suggests that
there may be persistent differences in labor supply behavior following the birth of a child.

Figure 3 shows the estimated effect a having a child on subsequent employment behavior for women
at different points in the distribution of unobserved preferences for full-time and part-time work in
the event that they have a child aged under one year. Figure 3(a) shows that for women who have
a high unobserved preference for full-time work in the event that they have a child aged under one
year, having a young child has very little immediate effect on labor supply behavior. As the child
becomes older these women become more likely to work part-time and less likely to work full-time, as
compared to if they had not had a child. Non-employment increases slightly 3-6 years following the
birth of the child. Thus, we conclude that for women with a very strong preference for full-time work
in the event that they have a child aged under one year, there is a substitution away from full-time
work and towards part-time work, but no pronounced movement away from employment in general.

We see from Figure 3(b) that the picture is dramatically different for women who have a relatively
low preference for full-time work in the event that they have a child aged under one year. For such
women, the birth of a child is accompanied by a large and significant substitution away from both
full-time and part-time work and into non-employment. For such women, two years after the shock
the rate of part-time employment is higher than if the women had not had a child, however it takes
6 years before the rate of non-employment among women with a low preference of full-time work in
the event that they have a child aged under one year is within two percentage points of the rate of
non-employment among women with a high preference of full-time work in the event that they have a
child aged under one year. Figures 3(c) and 3(d) illustrate the change in labor supply behavior over
time caused by the birth of a child for women with high and low preferences for part-time work in the
event that they have a child aged under one year. We see that the variation in employment responses
according to the unobserved tastes for part-time employment in the event that the woman has a child
aged under one year is very similar to the variation on employment responses according to tastes
for full-time employment in the same circumstances. This latter result reflects the high correlation
between the incremental unobserved components of preferences for full-time and part-time work that

occur due to the presence of a child aged under one year.

5.4 Comparisons with More Restrictive Specifications

Comparisons are now made with specifications that impose more restrictive distributions of unobserv-
ables than Specification VI. Recall that the primary motivation for allowing generality, in the form
of autocorrelation and random coefficients, in the distribution of unobservables was that imposing an
overly restrictive distribution of persistent unobservables would likely lead to inconsistent estimates

of state dependencies. Therefore, when comparing the various specifications, attention is focused on

25



) )
2 2
o

£91 g

3] )

ER E

<) <)

o o

v © )

o) o)

8o g8

c N c

o | L)

8 o 8

evL— & ‘ —

1 2 3 4 5 6 7 8 9 10 11 1 2 3 4 5 6 7 8 9 10 11
Years after shock Years after shock

—=— Full-time emp. -e- Part-time emp. —=— Full-time emp. -<- Part-time emp.
-+- Non-emp. -+- Non-emp.

(a) Effect of having a child at ¢ = 1 - High unobserved (b) Effect of having a child at ¢ = 1 - Low unobserved

preference for full-time work. preference for full-time work.
S S
g Q g8
o ¥ g
(&S] (&S]
= O i B O S I T -
£R £ - ~tt it Eg
colf-t—-¥--%-L T T T T I.3 °
o L+ =11 T T 1T 717 >
8o 8 o |
C N c
g | g
3 2| T B
o | T T T T T T T T T T T [a T T T T T T T T T T T T
1 2 3 4 5 6 7 8 9 1011 1 2 3 4 5 6 7 8 9 1011
Years after shock Years after shock
—=— Full-time emp. -e- Part-time emp. —=— Full-time emp. -e- Part-time emp.
-+- Non-emp. -+- Non-emp.

(c) Effect of having a child at ¢t = 1 - High unobserved (d) Effect of having a child at ¢ = 1 - Low unobserved
preference for part-time work. preference for part-time work.

Notes: Vertical bars represent 95% confidence intervals, constructed as described in the notes accompanying Figure 2.
High and low unobservables refer to the 90" and 10" percentiles of the distribution of unobservables. Other
unobservables are drawn from the appropriate conditional distribution. Effects were estimated by averaging over the

sample distribution of all observed individual characteristics, except children.

Figure 3: Heterogeneity in labor supply dynamics after child birth.

differences between specifications in estimates of impulse responses functions. However, for complete-
ness, at the end of this subsection we discuss briefly model selection criteria and cross-specification
differences in average marginal effects.

Figures 4 and 5 show the dynamic responses to employment shocks as implied by each of the six
model specifications under consideration. As in Section 5.2, the employment shocks under considera-
tion cause women who are non-employed at ¢ = 0 to work, depending on the shock, either full-time or
part-time. Also as previously, all shocks last only one year and therefore labor supply behavior sub-
sequent to the shocks is affected only via the effect of the individual’s previous employment outcome
on her current payoffs. We present state dependence effects averaged over the sample and for women
who gave birth to a child one year after the employment shock, referred to as “women with young
children”. Figure 4 shows that on average Specification I implies, for both full-time and part-time

work, substantially larger own-state and cross-state dependencies than Specification VI; as expected
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Figure 4: Comparison of impulse response functions based on Specifications I-VI: Average effects for
women non-employed at the time of the shock.

completely ignoring persistent unobservables leads to an overestimate of the state dependence in labor
supply behavior. Looking across all of the own-state and cross-state dependence effects, there is very
little difference between the results implied by Specifications II and III. In other words, generalizing
the distribution of the time invariant random intercepts to be non-normal does not impact on estimates
of intertemporal dependencies.

Focusing first on the effects of a shock that places non-employed women in full-time employment
and considering the sample average, we see that the own-state dependencies impled by Specifica-
tions IV and VI are larger than those implied by any of Specifications II, IIT or V. For example,
according to Specification VI the one year own-state dependence effect for full-time employment is
28.5 percentage points, while Specification V, which excludes autocorrelation, suggest a one year own-
state dependence effect of around 22.4 percentage points. Table 5 shows that many of the differences
between the own state dependencies implied by Specification VI and those implied by more restrictive
specifications are significant. Thus we conclude that permitting both random coefficients and auto-
correlated unobservables is necessary to estimate accurately the degree of own-state dependence in

full-time employment.
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Figure 5: Comparison of impulse response functions based on Specifications I-VI: Average effects for
women non-employed at the time of the shock and who give birth to a child at one year after the
shock.

There also exist differences between specifications in estimates of the cross-state effect full-time
employment on subsequent part-time employment. Specifically, Specification VI suggests that full-time
employment does not facilitate part-time employment while the other specifications show a positive
stepping-stone effect. Table 5 shows that Specification IV implies a significantly lower cross state effect
of previous full-time employment on current part-time employment than Specification V. For part-time
work, the own-state dependencies implied by Specifications IT and VI, as well as the three intermediate
specifications, are very similar. The cross-state dependencies also show little variation. In summary,
the modeling of unobserved heterogeneity has greater implications for estimation of own-state and
cross-state dependencies for full-time employment than for part-time employment.

Figure 5 shows the own-state and cross-state dependence effects induced by shocks that move non-
employed women into either full-time or part-time employment, focusing on women who gave birth
to a child one year after the employment shock. As in Section 5.2, the illustrated employment effects
in Figures 5(a)-5(d) are obtained by averaging over the sample distribution of all other individual

characteristics. Figure 5(a) reveals that one year after an employment shock that moves non-employed

28



Years since Employment Shock
1 2 3 4 5 6 7 8 9 10 11
Own-state Effects
Difference between Spec. IT and Spec. VI
A Full-time emp. (Sample average) 2.28 2.87 3.44 2.19 2.16 2.19 233 1.66 1.57 148 1.75
A Part-time emp. (Sample average) -0.87 -0.77 -0.74 -0.34 -0.17 0.09 0.09 0.15 0.16 0.30 0.21
A Full-time emp. (Young child) 205 1.09 132 125 1.77 117 145 1.07 0.72 0.89 0.99
A Part-time emp. (Young child) -1.18 -0.93 -0.94 -0.71 -0.52 -0.23 0.05 0.19 0.26 0.38 0.36
Difference between Spec. IV and Spec. VI
A Full-time emp. (Sample average) 0.70 0.68 0.65 0.69 0.78 0.76 0.98 0.91 0.97 0.81 0.86
A Part-time emp. (Sample average) 0.01 -0.07 0.01 0.32 040 0.64 0.75 1.01 1.00 1.09 0.96
A Full-time emp. (Young child) 0.23 036 0.22 038 035 036 0.37 032 029 0.38 043
A Part-time emp. (Young child) -0.15 -0.23 -0.24 0.07 0.17 040 0.62 0.86 0.87 1.00 0.95
Difference between Spec. V and Spec. VI
A Full-time emp. (Sample average) 2.97 2.11 2.16 1.28 1.04 0.88 1.11 0.80 0.91 0.54 0.78
A Part-time emp. (Sample average) -1.41 -0.69 -0.71 -0.41 -0.38 -0.25 -0.21 -0.30 -0.22 -0.05 -0.13
A Full-time emp. (Young child) 2.59 238 218 225 127 0.86 0.78 093 046 0.25 0.58
A Part-time emp. (Young child) -0.98 -0.51 -0.55 -0.52 -0.38 -0.10 -0.08 -0.11 -0.01 0.08 -0.01
Cross-state Effects
Difference between Spec. II and Spec. VI
A Part-time emp. (Sample average) -1.24 -1.00 -1.08 -0.93 -0.95 -1.13 -1.08 -0.96 -0.85 -0.65 -0.64
A Full-time emp. (Sample average) 0.07 -0.08 -0.05 -0.27 -0.16 0.00 -0.02 -0.03 -0.08 -0.22 -0.23
A Part-time emp. (Young child) -0.48 -043 -0.61 -0.68 -0.69 -0.72 -0.49 -0.55 -0.36 -0.41 -0.29
A Full-time emp. (Young child) 0.09 -0.32 -0.04 -0.53 -0.52 -0.26 -0.76 -0.45 -0.69 -0.33 -0.47
Difference between Spec. IV and Spec. VI
A Part-time emp. (Sample average) -0.14 -0.41 -0.45 -0.37 -0.45 -0.44 -0.52 -0.67 -0.61 -0.40 -0.53
A Full-time emp. (Sample average) 0.05 -0.26 -0.27 -0.38 -0.21 -0.14 -0.04 -0.02 -0.09 -0.15 -0.09
A Part-time emp. (Young child) 0.06 -0.37 -0.27 -0.34 -0.25 -0.26 -0.18 -0.15 -0.05 -0.03 0.02
A Full-time emp. (Young child) -0.23 -0.32 -041 -0.66 -0.78 -0.58 -0.70 -0.75 -0.75 -0.33 -0.43
Difference between Spec. V and Spec. VI
A Part-time emp. (Sample average) -2.14 -1.39 -2.02 -1.04 -0.93 -0.74 -0.62 -0.64 -0.53 -0.35 -0.44
A Full-time emp. (Sample average) 1.56 0.52 0.94 0.50 0.37 0.47 0.39 0.04 -0.27 -0.43 -0.25
A Part-time emp. (Young child) -0.92 -0.13 -0.57 -0.68 -0.67 -0.50 -0.31 -0.50 -0.33 -0.16 -0.32
A Full-time emp. (Young child) 0.51 -0.15 094 054 0.15 0.09 -0.18 -0.10 -0.54 -0.06 0.16

Notes: Standard errors are bootstrapped. A denotes the change relative to the baseline case, where no shock occurred.
“Young child” refers to women who had a young child one year after the employment shock (i.e., at ¢ = 1). Specification I
is omitted because the predictions from this specification are always significantly different to those from Specification VI.
Specification III is omitted because results are almost identical to those obtained from Specification II.

Labor Supply Response

Table 5: t tests for significance of differences in the own and cross-state effects of employment shocks.

women into full-time employment the estimated rate of full-time employment is higher according to
Specification VI than according to either specification II or Specification V. Table 5 shows that these
differences are significant, a result which again illustrates the importance of random coefficients.
Table 4 shows that estimates of average marginal effects of changes in individual characteristics are
rather robust to the assumed distribution of the unobservables. Thus the sensitivity of our results to
the assumed distribution of unobservables does not extend to estimates of the average effect of observed
individual characteristics on labor supply behavior; this is not surprising as the estimated state de-
pendencies are generated in part by dynamic selection on unobservables, while the remaining marginal
effects are static in nature. Finally, we note that model selection criteria, presented in Table 2, are
inconclusive regarding the preferred specification of unobservables: the Akaike Information Criterion
(Akaike, 1973) suggests that Specification VI is preferred, while the Bayesian Information Criterion
(Schwartz, 1978), which imposes a greater penalty for model complexity, selects Specification I.

In Appendix C.2 we consider the role played by the correlated random effects, which are permitted
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in Specifications II-VI. In summary, we show that the omission of correlated random effects leads to
an overstatement of the own state dependence in full-time employment. In addition, we find that
estimates of labor supply behavior following the birth of a child are also dependent on whether or not

correlated random effects are permitted.

6 Conclusion

This paper has extended the literature on binary models of labor force participation dynamics by
including a distinction between full-time and part-time work and by considering more general dis-
tributions of unobserved individual characteristics. Within this setting and using a panel sample of
British women, we have found significant autocorrelation and significant variation in the effects of
education and children on labor supply behavior. We have shown that excluding either of these two
features of the distribution of unobservables impacts significantly on estimates of state dependen-
cies. In particular, working with a specification of unobservables that allows correlated time invariant
individual-specific random effects, but no further generality in the distribution of unobservables, results
in significant downward biases in the estimated effect of a woman’s previous employment behavior on
her current choice between full-time work, part-time work and non-employment. More general spec-
ifications, that allow either autocorrelation in the employment state-specific intercepts or variation
in the effects of children and education on labor supply preferences, perform better. However, there
remains a downward bias relative to when both autocorrelation and random coefficients are permitted.
While our approach is entirely reduced form in nature, our results suggest that the biases that arise
as a result of imposing overly restrictive distributions of unobservables are large enough to make the
choice of distribution of unobservables important when conducting policy evaluation.

Leveraging the multinomial nature of our model, we have investigated the relative persistence
in employment following temporary employment shocks that increase specifically either full-time or
part-time employment. On average, over our sample of married or cohabiting women, we have shown
that temporary shocks that increase the rate of part-time employment are followed by higher rates
of employment, that is full-time and part-time employment combined, than are temporary shocks
that increase the rate of full-time employment. This result is notable in the context of the debate
surrounding the status of part-time employment in the United Kingdom. In particular, our results
suggest that, while part-time jobs tend to be relatively poorly paid and are concentrated dispropor-
tionably at low levels of the occupational hierarchy, part-time employment does not appear to entail

lower labor market attachment than full-time employment.

Supplementary Materials

Appendices: Appendices A and B provide evidence from Monte Carlo simulation on the performance
of the employed Maximum Simulated Likelihood estimator. In Appendix C we present the results of
robustness checks, and we explore the role played by the correlated random effects that are permitted

in the primary empirical analysis.
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