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Abstract

This paper considers the estimation of binary choice panel data models with dis-
crete endogenous regressors. We present a switching probit model which accounts for
selectivity bias as well as for other forms of time invariant unobserved heterogeneity.
Individual e¤ects are allowed to be correlated with the explanatory variables, which can
be predetermined as opposed to strictly exogenous. This model is applied to estimate
a female participation equation with endogenous fertility and predetermined existing
children and with individual e¤ects using PSID data. We use the family sex compo-
sition as an instrument for exogenous fertility movements. The results indicate that
assuming the exogeneity of fertility induces a downward bias in absolute value in the
estimated negative e¤ect of fertility on participation, although the failure to account
for unobserved heterogeneity exaggerates this e¤ect. Moreover, the estimates that deal
with the endogeneity of fertility and control for �xed e¤ects, but treat existing children
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1 Introduction

Behavioral equations relating jointly dependent qualitative variables very often arise in a

wide variety of microeconomic problems. There are many models which consider the impact

of a binary variable on another binary variable, such as those that arise from the joint

determination of (a) employment probabilities and training; (b) housing ownership status

and transportation mode; and (c) fertility and female labour force participation. Many other

examples could be given. In all these cases, it is suspected that individuals make choices of

belonging to one group or another on the basis of unobserved factors that a¤ect outcomes

but are not due to the decision being evaluated. That is to say, in these models the decision

of an individual is based on individual self-selection.

There are a number of empirical works that have studied the problem of sample selection

in the setting of continuous variables. One prototypical problem in the econometrics of self-

selection bias is that of the estimation of the impact of unionism (a discrete variable) on

wage di¤erentials (a continuous variable).1 Another major use of the self-selection models is

in evaluating the bene�ts of social programs.2 This strand of the literature has originated a

variety of techniques to estimate the e¤ect of self-selection (e.g. Heckman (1976b) suggested

a two-stage estimation method for such models).

However, there are signi�cantly fewer results on selection for discrete choice models with

an endogenous and discrete explanatory variable. The presence of a dummy endogenous

regressor in a binary choice model makes the analysis di¤er substantially from that in con-

ventional binary choice models. More precisely, the standard two-stage method leads to an

inconsistency with the statistical assumptions of the nonlinear discrete models. Moreover,

the alternative linear probability model is incompatible with the observed data when dummy

endogenous regressors are present.

The purpose of this paper is to present a framework which accounts for the interaction

between dummy endogenous variables. Speci�cally, we present a bivariate probit model for

panel data and then we extend the model to consider a switching probit model with en-

1See Lee (1978) and Abowd and Farber (1982).
2For example, Willis and Rosen (1979) apply the model to analyze the returns of education.
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dogenous switching. The model proposed here is su¢ciently �exible to take into account

the individual self-selection and the time invariant unobserved heterogeneity between indi-

viduals. As in Arellano and Carrasco (1996), individual e¤ects are allowed to be correlated

with the explanatory variables, through the conditional expectation of the e¤ects, which is

let to be non-parametric. Furthermore, the explanatory variables can be predetermined as

opposed to strictly exogenous.3 The proposed model is estimated by maximum likelihood,

by specifying the joint probability distribution of the two discrete endogenous variables.

We apply this model to analyze the relationship between labour force participation and

fertility decisions using PSID data. Throughout the paper, we look at some of the issues that

arise in modeling the e¤ects of children on female labour force participation. The majority of

studies �nd a negative correlation between fertility and female labour supply. However, the

interpretation of these correlations remains unclear.4 Many of these studies implicitly assume

that all of the observed negative correlation is due to a �direct� e¤ect. This is to assume that

the unobserved heterogeneity is irrelevant and that the error term is serially uncorrelated.

Nevertheless there is evidence that �xed e¤ects may be important and that the error term is

also likely to be autocorrelated.5 Therefore, to obtain a true exogenous e¤ect of children on

participation we need panel data in order to specify a labour participation equation so that

it has serially uncorrelated residual. Then, since children aged more than one are given we

can treat them as predetermined, and we need only worry about the endogeneity of recently

born children.

A recurrent problem with estimating the causal link running from fertility to female

labour participation has been the di¢culty in �nding enough well-measured variables that

are correlated with fertility but not with labour supply, that is, valid instruments.6 A

number of studies have used instrumental variables to take into account the endogeneity of

3This includes models with lagged dependent variables as well as models with other forms of unspeci�ed
feedback.

4An important exception to these empirical labour supply traditions is Mincer (1963), in which the
inappropriateness of including a fertility variable among the set of labour supply regressors is suggested.

5 It is generally accepted that the presence of children, and especially young children, decreases the labour
supply of the mother (see for instance Mroz (1987)) and that women plan the number and timing of their
children according to labour market factors (see for instance Waite and Stolzenberg (1976)). This makes it
necessary to analyze jointly both decisions.

6The survey by Nakamura and Nakamura (1992) seems to argue that a search for exogenous variation is
not only di¢cult, it is not even fruitful (pp. 60-61).
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fertility variables.7 However, the results vary considerably from one study to another, which

is unsurprising given that they use di¤erent sets of instruments to estimate di¤erent labour

supply variables (e.g. Cramer (1980) uses the ideal family size and religion as instruments,

Schultz (1978) uses the wife�s origin and Rosenzweig and Wolpin (1980) use twins-pairs).

In this paper we use the sex of previous children as instrument. This follows from

the �nding, well-documented in the demography literature, that parents prefer �balanced�

families in terms of the sex composition of their children, and are more likely to have an

additional child if the previous ones are of the same sex. It is argued in this paper that this

instrument is a good predictor of fertility, but not of participation, in the sense that sex of

children does not in�uence directly this decision.

We �rst examine the extent to which the use of actual fertility in labour participation

equations provides biased representations of the impact of an exogenous change in family

size on participation. Given the panel structure of our data, we then consider the impact of

controlling for unobserved heterogeneity and for predetermined existing children on partici-

pation.

The paper is organized as follows. Section 2 presents the model and distinguishes between

cross-sectional and panel data considerations. Section 3 discusses the issue of endogenous

fertility, describes the data set used and gives some summary statistics. Section 4 contains

the estimation results. Finally, Section 5 presents some concluding remarks.

2 Models and estimators

2.1 Switching probit models

Let y¤i be the woman disutility from working based on her valuation of time in the household.

This variable is unobservable. What we observe is a dummy variable, yi, which indicates

labour force participation and it is de�ned by

yi =

8<: 1; if y¤i > 0;

0; otherwise.
(1)

7See Browning (1992) for an excellent survey of work in this area.
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We start by considering the following model for yi

yi = 1 (y
¤
i > 0) = 1 (®0 + ®1di + ±0xi + ±1xidi + vi ¸ 0) ; (2)

This is the so called �dummy endogenous variable model�, where 1 denotes the indicator

function, xi is an exogenous variable, and di is a dummy variable (di = 1 if the woman has

an additional child, 0 otherwise).8

If vi j xi; di » N (0; 1), model (2) becomes a standard probit model. If d were an

endogenous variable, provided we had an instrument for fertility z such that d j x; z »
N (¹d (x; z) ; ¾

2
d) the reduced form for y would also be a probit model and, therefore, the

parameters in (2) could be easily estimated by using a two-stage method (see for example the

discussion in Amemiya (1985) and references there in). However, since d is a binary indicator

its distribution cannot be normal, and as a consequence, two-stage or instrumental-variable

methods are not valid alternatives for estimating this type of nonlinear models.

Given the inappropriateness of the standard instrumental variable method for analyzing

the relationship between two endogenous discrete variables, we account for the endogeneity

among fertility and participation by considering a bivariate probit model. We specify a

reduced form probit for fertility:

di = 1 (¸0 + ¸1xi + ¸2zi + "i ¸ 0) ; (3)

where "i and vi are assumed to be jointly normally distributed and where z is a variable

which a¤ects y only through d.

To measure the e¤ect of fertility in this model, holding xi and vi constant, it is useful to

de�ne the latent binary variables:

yi0 = 1 (y¤i0 ¸ 0) = 1 (®0 + ±0xi + vi ¸ 0) (4)

yi1 = 1 (y¤i1 ¸ 0) = 1 ((®0 + ®1) + (±0 + ±1)xi + vi ¸ 0)

Then the e¤ect of having a child for woman i will be given by yi1 ¡ yi0: It answers the

question: how does that particular woman change participation behaviour if her fertility

decision switches from d = 0 to d = 1? Notice that provided ±0 < 0 and (±0 + ±1) < 0 the

8Note that in this speci�cation the e¤ect of x varies among individuals with di¤erent values for d:
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pair (yi0; yi1) make take on the values (0; 0) ; (1; 1) and (1; 0) ; but the model rules out the

outcome (0; 1) (that is, the possibility that a nonworking woman starts working following

the birth of a new child). This situation does not put the model in contradiction with the

observed data, since the model is still able to generate all possible outcomes for the pair

(yi; di) :9

Before we consider a generalization of this model, it is of some interest to relate the pre-

vious discussion to the linear probability model. A well known problem of such model is that

its forecasts are not restricted to the (0; 1) interval, but it has nevertheless been suggested as

a simple alternative speci�cation when dummy endogenous explanatory variables are present

(see Heckman and MaCurdy (1985)). The advantage of the linear probability model is that

it can be estimated using linear instrumental variable methods. However, interpretation of

the results is di¢cult given the following incompatibility with the observed data.

Let us consider

yi = ®
0
0 + ®

0
1di + ±

0
0xi + ±

0
1xidi + v

0
i (5)

Here,

yi1 ¡ yi0 = ®01 + ±01xi (6)

Therefore, the linear probability model requires yi1 ¡ yi0 to be constant for all women with

a given value of xi: Notice that to be able to have yi1 ¡ yi0 = ¡1 rules out the possibility

of observing women with yi = 1 and di = 1 or women with yi = 0 and di = 0: A similar

argument applies in the case of yi1 ¡ yi0 = 1: The conclusion is that in general the only

way for the model not to be in contradiction with the observed data is that yi1 ¡ yi0 = 0;

therefore imposing no e¤ect of children on participation!.10

Turning to the bivariate probit, a generalization that permits the outcome (yi0; yi1) =

(0; 1) can be achieved by specifying two di¤erent errors in the index formulation for yi0 and

yi1 :

yi0 = 1 (y¤i0 ¸ 0) = 1 (®0 + ±0xi + vi0 ¸ 0) (7)

yi1 = 1 (y¤i1 ¸ 0) = 1 ((®0 + ®1) + (±0 + ±1)xi + vi1 ¸ 0)

9 It is important to stress that for each woman we observe the pair (yi; di) ; but only yi1 or yi0:
10Note that in the continuous case this problem does not arise, since there is an in�nite set of values of y

which are compatible with the homogeneity restriction.
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As before, we have

yi = yi0(1 ¡ di) + yi1di: (8)

and (vi0; vi1; "i) are assumed to be jointly normally distributed with zero mean vector and

covariance matrix

§ =

0BBB@
1 ½12 ½1"

1 ½2"

1

1CCCA : (9)

The standard bivariate probit arises as a special case of this model with ½12 = 1: The

di¤erence between the two models can be appreciated by noticing that yi1 ¡ yi0 is random

in both models, whereas the gain in the latent variables y¤i1 ¡ y¤i0 is constant in the former

but random in the latter. The more general model is therefore a switching regressions model

in the latent variables with endogenous switching. If y¤i = y
¤
i0(1 ¡ di) + y

¤
i1di were observed

and vi0 ´ vi1; this would make instrumental variables inferences consistent. In the discrete

choice context, however, the situation is di¤erent since although y¤i1¡y¤i0 is constant, yi1¡yi0
remains random.11

The log-likelihood function of the model, from which maximum likelihood estimates can

be obtained in a straightforward manner, is as follows:

L
¡
°0;°1; ¯1; ¯0; ®; ½1"; ½2"

¢
=

X
y=0;d=0

log P00 +
X

y=0;d=1

logP01 +

+
X

y=1;d=0

logP10 +
X

y=1;d=1

logP11: (10)

where

P00 = Pr (y = 0; d = 0) = © (¡°0 ¡ ¯0x;¡z0¸; ½1") ;
P01 = Pr (y = 0; d = 1) = © (¡°1 ¡ ¯1x)¡ ©(¡°1 ¡ ¯1x;¡z0¸; ½2") ;
P10 = Pr (y = 1; d = 0) = © (¡z0¸)¡ P00;
P11 = Pr (y = 1; d = 1) = © (z0¸)¡ P10 = 1¡ P00 ¡ P01 ¡ P10:

11 In other words, in the standard bivariate probit model, the change in the disutility from working when
having a child is constant. However, since the change in the disutility only produces switch in actions if a
threshold is crossed, we can still observe di¤erent behaviour for di¤erent individuals.
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2.2 Switching probit models for panel data

We can extend the previous approach to the case of panel data models. One of the main

advantages of panel data is that they allow us to relax and test some implicit assumptions

in the cross-section analysis. In this setting, there are two basic issues we can account for.

First of all, the possibility of controlling time invariant unobserved heterogeneity. The second

reason for which the panel is essential with respect to a cross-section sample is the possibility

of modelling dynamic relationships among the variables. In some models, feedback e¤ects

from lagged dependent variables to current and future values of the explanatory variables

are crucial aspects of the economic problem of interest. In addition, adequately representing

dynamics usually requires including lagged dependent variables as additional regressors,

which are predetermined by de�nition.

Despite the interest of this problem, there are not well established econometric tech-

niques for estimating the relationship between two endogenous discrete variables taking

into account panel data considerations. In this paper, following the approach proposed by

Arellano and Carrasco (1996) to estimate random e¤ects probit models without the strict

exogeneity assumption, we present a semi-parametric random e¤ects switching probit model,

with unrestricted conditional means of the individual e¤ects given the explanatory variables.

Let us consider the following error-component switching probit model for N individuals

observed T consecutive time periods that takes into account the dynamics of female labour

supply

yit =

8<: yit1 = 1 (°1t + ¯1xit + !it1 ¸ 0) ; i¤ dit = 1;

yit0 = 1 (°0t + ¯0xit + !it0 ¸ 0) ; i¤ dit = 0:
(11)

where

!ijt = ´i + vijt j = 1; 0; (12)

and the fertility choice equation

dit = 1 (¸0 + ¸1xit + ¸2zit + "it ¸ 0) ; (13)

We have in mind the typical microeconometric panel where T is small and N is large.

Let us also denote wit =
¡
zit; xit; yi(t¡1); di(t¡1)

¢
and wti = (wi1:::wit). The errors are assumed
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to have a normal distribution given wti of the form120BBB@
!it1

!it0

"it

¯̄̄̄
¯̄̄̄
¯w

t
i

1CCCA s N

0BBB@
8>>><>>>:
E (´i j wti)
E (´i j wti)

0

9>>>=>>>; ;§

1CCCA ; (14)

where

§ =

0BBB@
1 ½12 ½1"

1 ½2"

1

1CCCA : (15)

In this model ´i and vijt are not required to be conditionally independent, and in general

they will be correlated.

As in Arellano and Carrasco (1996), the sequence of conditional means fE (´i j wsi ) ; s = 1; :::; Tg
is left unrestricted, except for the fact that they are linked by the law of iterated expectations:

E
¡
´i j wti

¢
= E

¡
E

¡
´i j wt+1i

¢ j wti
¢
: (16)

This model accounts for the self-selectivity problem as well as other forms of time-

invariant unobserved heterogeneity. In addition, we allow for dependence between the ex-

planatory variables and the individual e¤ects through the conditional mean of the latter

given the observed time path of w; which is let to be nonparametric. Although some other

ways of controlling for unobserved heterogeneity could be considered, there are only a few

results in the literature on binary choice panel data models. Some authors, following the

work by Heckman and Singer (1984) for semiparametric duration models, have speci�ed an

individual e¤ect with a mass point distribution (Moon and Stotsky (1993)). Another strand

of the literature has considered �conditional e¤ects� speci�cations in which the full distri-

bution of the e¤ects is left unrestricted (Manski (1987), Honoré (1992 and 1993)). This is

attractive as a way to ensure that the distributions of the e¤ects does not play any role in

the identi�cation of the parameters of interest. However, sometimes one may be willing to

impose a certain amount of structure in the dependence between the e¤ects and the endoge-

nous variables if in exchange this makes it possible to relax another aspects of the economic

12In our application we do not condition on dit¡1 since this variable coincides with xit.
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problem of interest. In this regard, the semi-parametric random e¤ects model considered in

this paper may represent an useful compromise.

Moreover, the model speci�es x and z as a predetermined but not strictly exogenous

variables, in the sense that while xit and zit do not depend on current or future values of the

error term vit; there may be feedback from lagged values of v to x and z: This distinction is

crucial in labour supply equations, since the participation decision is also a¤ected by other

existing children variables, which will be included in x. In our application, this variable

will be a dummy indicating whether there is any child aged between 2 and 6. Children

aged more than one are given, but we must treat them as predetermined. Assuming that

children are strictly exogenous is much stronger than the assumption of predeterminedness,

since it would require us to maintain that labour supply plans have no e¤ect on fertility

decisions at any point in the life cycle (see Browning, 1992). Furthermore, z will also be a

predetermined variable. This variable will be an indicator of the sex of previous children, so

it re�ects fertility decisions. Therefore, this variable must be treated as predetermined and

not strictly exogenous.

The model can be rewritten as follows

yit =

8<: yi1t = 1 (°1t + ¯1xit + E (´i j wti) + ui1t > 0) ; i¤ dit = 1;

yi0t = 1 (°0t + ¯0xit + E (´i j wti) + ui0t > 0) ; i¤ dit = 0:
(17)

where

uijt = ´i + vijt ¡ E
¡
´i j wti

¢
j = 1; 0;

Notice that since the model is conditional on wti it could include yi(t¡1) as an additional

regressor.

2.2.1 Maximum likelihood estimation

We consider identi�cation and estimation in the case where xit and zit are discrete random

variables. The following estimation procedure is valid for discrete random variables with

�nite support of J mass points, although we apply it to the case of two mass points. As it

has been mentioned, in our case x will be an indicator of having a child between the ages of

2 and 6 and z will be an indicator of same sex. However, this method does not work in the

continuous case.
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The vector wit will have a �nite support of 24 points given by (Á1:::Á24). The vector wti

takes on (24)t di¤erent values Átj
³
j = 1; :::; (24)

t
´
:

Let us denote

Ãtj = E(´i j wti = Átj) (j = 1; :::; (24)t): (18)

By the law of iterated expectations we have

Ãt¡1j =
24X
`=1

Ãt(`¡1)(24)t¡1+j Pr
¡
wit = Á` j wt¡1i = Át¡1j

¢
(19)

(j = 1; :::; (24)(t¡1); t = 2; :::; T ):

Moreover, since the model includes a constant term, it is not restrictive to assume that

E(´i) = 0: Therefore,

E(´i) =
24X
`=1

E(´i j wi1 = Á`) Pr(wi1 = Á`) = 0: (20)

Let us consider the partition Áj = (Á1j; Á2j) where Á2j =
¡
yi(t¡1);di(t¡1)

¢
is (0; 0) ; (0; 1),

(1; 0) or (1; 1). Then the probabilities in (19) factorize as:

Pr(wit = Á` j wt¡1i = Át¡1j ) =

Pr
£
(zit; xit) = Á1` j wt¡1i = Át¡1j ;

¡
yi(t¡1); di(t¡1)

¢
= Á2`

¤
(21a)

¤Pr £¡yi(t¡1); di(t¡1)¢ = Á2` j wt¡1i = Át¡1j

¤
:

Notice that the second term on the right-hand side contains the probabilities speci�ed by

the model. The �rst term consists of unspeci�ed conditional probabilities for the x, and so

they are additional reduced form parameters:

¼jkt` = Pr
£
(zit; xit) = Á1` j wt¡1i = Át¡1j ;

¡
yi(t¡1); di(t¡1)

¢
= Á2k

¤
(22)

(t = 2; :::; T ; ` = 1; :::; 2T+1; j = 1; :::; (24)t¡1; k = 1; :::; 4):

The probabilities p` = Pr(wi1 = Á`) are also left unrestricted and just add 24 parameters

to the full likelihood function of the data.

Let us de�ne the indicator variables

Itij = 1(w
t
i = Á

t
j) (23)
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The joint probability distribution of y and d is given by the following expressions

P 00it = Pr (yit = 0; dit = 0) = ©

µ
¡°0t ¡ ¯0xit ¡

X(24)t

j=1
ÃtjI

t
ij;¡®zit; ½1"

¶
;

P 01it = Pr (yit = 0; dit = 1) = ©

µ
¡°1t ¡ ¯1xit ¡

X(24)t

j=1
ÃtjI

t
ij

¶
¡ (24)

¡©
µ

¡°1t ¡ ¯1xit ¡
X(24)t

j=1
ÃtjI

t
ij;¡®zit; ½2"

¶
;

P 10it = Pr (yit = 1; dit = 0) = © (¡®zit)¡ P 00it ;
P 11it = Pr (yit = 1; dit = 1) = © (®zit)¡ P 01it = 1¡ P00 ¡ P01 ¡ P10:

The contribution to the log-likelihood for the ith individual is given by

Li =
TX
t=1

[(1¡ yit) (1¡ dit) log p00it + yit (1¡ dit) log p10it +

+ (1¡ yit) dit log p01it + yitdit log p11it ]

+

TX
t=2

8<:
2T+1X
`=1

(24)t¡1X
j=1

It¡1ij [

4X
k=1

1
£¡
yi(t¡1); di(t¡1)

¢
= Á2k

¤
log ¼jkt` ]

9=;
+

24X
`=1

1(wi1 = Á`) log p`; (25)

The Ãtj are solved recursively using the restrictions (19) and (20) as functions of ÃTj and

the other parameters of the model.13 The log-likelihood is maximized as a function of the

°0; °1;¯0; ¯1;Ã
T
j ; ®; ½1" and ½2".

Note that in the case of x and z being strictly exogenous there is no sequential updating

of the conditional expectations of the individual e¤ects, since we always condition on the

same set of variables. Therefore, the number of parameters Ã to be estimated is in that case

smaller.
13Since we can have only a few individuals in some cells, a number of parameters Ã will be very imprecisely

estimated. For that reason in the estimates of the model that treats x and z as predetermined variables all
the cells with less than four observations were dropped and as a result the number of parameters Ã was also
reduced.
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3 Estimating the e¤ect of fertility on female labour
participation

When an additional child enters a household, we may suppose that the mother�s allocation

of time will change. Since both an income e¤ect (children are expensive) and a substitution

e¤ect (children have high time costs and this rises the reservation wage) operate, the nature

of this change is not clear a priori. Typically, any measure of female labour supply (for

example, participation or hours if participating) is negatively correlated with any measure

of young children,14 which we may interpret simply as indicating that the substitution e¤ect

outweighs the income e¤ect. Causal observation and a number of studies from di¤erent

places and di¤erent times have found this. The usual response to this observation has been

to include children variables as �nuisance� variables in female labour supply equations.

However, things may not be so simple: it is not clear that fertility is exogenous to labour

force participation. Both decisions may be jointly determined, either by �basic economic

variables� or because the population preferences for having children and for working are

correlated in some way, in which case at least part of the observed relationship between them

is spurious. This is the so called selection bias problem, which implies that those women with

children would behave di¤erently from those women with no child, independent of any true

causal e¤ect of children on participation. Whatever the explanation, if endogenous fertility

is not accounted for, we can not obtain consistent estimates of labour supply conditional on

fertility which allow us to draw robust and credible indication of the e¤ects of children on

women�s labour market activity.

The fast increase in female labour force participation rates during the last decades and

the decline in the fertility rates have originated a growing awareness among economists

of the importance of the interrelationship between fertility behaviour and female labour

supply. An understanding of the exogenous e¤ects of children on labour supply (if there

are any) is critical to a number of policy issues, mainly those aimed at fostering female

labour force participation as well as fertility. For example, we could interpret the exogenous

e¤ect of children as due partly to the time needs of them. It is usually argued that career

14In�uential studies of female labour supply which document this correlation include Lehrer and Nerlove
(1986) and Nakamura and Nakamura (1992).
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interruptions to look after children lead to lower wages for women.15 If this is the case then

it may be that a policy making child care cheaper would reduce the �wage gap� between

women with and without children.16

In studies of female labour supply that do not make any correction for the possible

endogeneity of fertility the coe¢cient on children can only be interpreted as measuring the

exogenous e¤ect if it is assumed that the error term in the participation equation is serially

uncorrelated and there are not correlated individual e¤ects. As emphasized before, this is

di¢cult to maintain, so to obtain credible estimates we have to �nd suitable variables which

to instrument fertility with. Some authors look for �natural� experiments; for example by

looking at families that are infertile or experience multiple births. One problem with this

approach is that such families are necessarily a few,17 so these instruments have very little

explanatory power because there is so little variation in them (leading to a lack of precision

in estimates).

The alternative approach is to simply maintain some exogeneity assumption, that is, to

look for variables for which a case can be made for excluding them from the participation

equation and which have as much explanatory power as possible. A wide number of instru-

ments have been used in the literature. Many of them are highly correlated with fertility

but it is not clear that they are determined outside the model, in which case the results

are opened to question. For example, religion,18 number of siblings, ideal family size and

duration of marriage are all probably related to social class, which will a¤ect participation

via education and wages.

In this paper we use an instrument based on the sibling sex mix in families with two

or more children. This instrument exploits the widely observed phenomenon of parental

preferences for a mixed sibling-sex composition in developed countries.19 In particular,

15See, for example, Mincer and Polanchek (1974).
16Note that how e¢cacious such a policy would in fact be depends on how responsive the female labour

force participation is to the price of child care.
17For example, Rosenzweig and Wolpin (1980) start o¤ with 12,605 women who had had a child but have

only 87 who experienced twin births in the �rst pregnancy.
18Membership of the Catholic faith has long been used as an indicator of fertility, but as contraceptive

use among Catholics increases (Ryder and Westo¤ (1972)) this instrument has declined in power.
19The preferences for children when they might have useful for productive capacities are not considered

here.
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parents of same-sex siblings are substantially more likely to have an additional child.20 Child

sex is essentially randomly assigned. Therefore, conditional on the sex of the previous

children, a dummy for whether the sex of the next child matches the sex of the previous

children provides a plausible instrument for additional child-bearing. Thus, our instrument

only estimates e¤ects for moving from 2 to 3 or more children in the population of women

with at least two children,21 but our conclusions may have important implications for other

groups of women.

3.1 The data set

Our estimation strategy requires information on basic labour supply variables and the sex

of mother�s children. The data for this analysis come from the University of Michigan Panel

Study of Income Dynamics (hereafter PSID) for the years 1986, 1987, 1988 and 1989. This

is a longitudinal survey in which over 5000 households have been interviewed annually since

1968. The PSID contains information about labour supply, number and age of children as

well as supplementary information on the sex of the children.

Our sample consists of 1442 married or cohabiting women between the ages of 18 and 55

in 1986. The dependent variable is an indicator of woman labour participation during each

year. It is equal to 1 if the woman�s annual hours of work is greater than zero in period t.

The e¤ect of fertility is speci�ed by a dummy variable which equals 1 if the age of the

youngest child in t + 1 is 1: Since we want to capture whether a new birth occurs or not,

we look at childbirth rather than conception decisions.22 Due to the timing of the survey

(each time period is equal to one year) and that the reported age is the one at the time

of the interview, it is not clear that this decision is better taken when the fertility variable

is de�ned as 1 if the age of the youngest child in t is 1. In fact, primary results showed

that using this de�nition of fertility did not in�uence the estimation results, although the

20Westo¤, Potter and Sagi (1963) were among the �rst to report preferences for a mix. In a survey of
desired fertility and a follow-up study of actual fertility among couples with two children, they found that
parents of two boys or two girls both desired and ultimately had more children than parents of mixed pairs.
Another papers using sex-preference instruments to estimate the e¤ect of fertility on female labour supply
are those of Iacovou (1996) and Angrist and Evans (1998).

21However, we will not drop the women with less than 2 children, since they could be relevant to analyze
other aspects of the model.

22Our purpose is to measure the exogenous e¤ect of a newborn on labour participation decisions.
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signi�cance of the estimated coe¢cients was smaller.

We are also interested in considering the e¤ect of children aged more than 1: It is speci�ed

by a dummy that equals 1 if the woman has a child aged between 2 and 6. Besides it is

important to bear in mind that correlation between women�s labour supply and children

may vary between di¤erent groups. It might be variation across race, age, education and

income, so inappropriate pooling across heterogeneous groups could lead to inconsistent

estimates. Therefore, we also account for these variables when modelling the e¤ects of

children. Moreover, since we make the assumption that the sex of the previous children a¤ects

a woman�s propensity to have a further child but does not a¤ect her labour participation

decision, we instrument the fertility variable with an instrument set consisting of an indicator

of same sex and with the two components of it (two or more girls and two or more boys).

The sample characteristics are presented in Table 1.1 and a description of the data set

construction can be found in Appendix. Some simple cross-tabulations (Table 1.2) con�rm

that there is a negative relationship between labour market participation and fertility at

all levels of fertility. For example, among women with no children, 95.36% are engaged in

market work. The number falls to 80.10% for women with one child, to 75.13% for women

with two children, 69.81% for three children and 58.5% for mothers of four or more.

Table 1.3 reports the fraction of women with two or more children by age and time of

survey. Between 1986 and 1989 the fraction of women aged less than 25 increased from

34.01% to 53.24%. The increase in the fraction of women aged between 26 and 35 and

those aged more than 36 is less sharp (from 64.75% to 73.76% and from 80.24% to 82.62%

respectively).

Finally, Table 1.4 shows the sample fraction of women who participate by fertility deci-

sions. As we can see, among those women who decide not tohave an additional child the

percentage of participants is larger than among those women who have an additional child.

3.2 Instruments for fertility: The preference for balanced families

There is a large body of research in the demography literature on parent�s preferences over

the sex composition of their o¤spring. There is a consensus that signi�cant preferences exists,

although these vary between cultures, and within the same culture over time.
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Reviewing the research on sex-preferences using US. data, Williamson (1983) concludes

that there have been three consistent �ndings. First, there is a slight preference for male

�rst births. Second, there is a preference for more males among families that prefer an

odd number of children. Third, most families would prefer at least one child of each sex.

In other words, families with more equal number of boys and girls are less likely to have

another child than those with more unequal numbers of boys and girls. This third result

has been analyzed for many researches. For example, Ben-Porath and Welch (1976) found

that in the 1970 Census, 56% of families with either two boys or two girls has a third birth,

whereas only 51% families with one boy and one girl had a third child. Angrist and Evans

(1998) using the 1980 US Census found that only 31.2% of women with one boy and one girl

have a third child, compared to 38.8% and 36.5% for women with two girls and two boys

respectively.

Tables 2 and 3 reports results for our data set similar to those reported by Ben-Porath

and Welch (1976) and Angrist and Evans (1998). Table 2 shows the fraction of women with

at least one child who had a second child, in subgroups categorized by the sex of the �rst

child. The third row of this table shows the di¤erence by sex. Our data set indicate that the

fraction of women who had a second child is almost invariant to the sex of the �rst child.

Although attitudinal surveys suggests that many couples would prefer more boys than girls,

or prefer the �rst child to be a boy, the results in Table 2 suggest that parents are not more

or less likely to have a second child if they have a girl �rst.

Table 3 documents the relationship between the fraction of women who have a third child

and the sex of the �rst two children. The �rst three rows show the sample characteristics

for women in the following groups: those with two girls, those with one boy and one girl

and those with two boys. The next two rows report separate results for women with two

children of the same sex and for women with one boy and one girl. The �nal row reports

the di¤erences between the same-sex and mixed sex group averages.

We observe that women with two children of the same sex are more likely to have a third

child: only 38.44% of mothers with one boy and one girl have a third child, compared to

44.75% and 40.10% for women with two girls and two boys respectively.
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Table 4 gives an indication of how well our instrument explains the occurrence of a new

birth. We examine how the sex of previous children exogenously alters fertility based on

the pooled sample. The estimates are for probit equations which include indicators of sex of

previous children, education, age, husband�s income, race and age of the youngest child. The

results reveal that having children of the same sex has a signi�cant and positive e¤ect on

the probability of having an additional child, although there are not signi�cant di¤erences

among all boys and all girls.

Some other indirect evidence in favour of the same-sex exclusion restriction comes from

families with only one child. In particular, we can ask whether the labour supply of mothers

is a¤ected by the sex of an only child. In our sample the fractions of mothers with one boy

or one girl that worked for pay are 0.81 and 0.82 respectively. The di¤erence between these

two �gures is -0.0169 with a standard error of 0.302. Thus, there is no signi�cant association

between the probability a mother works and the sex of her �rst-born children. This �nding

supports the claim that the sex of children of itself is not related to labour supply.

4 Estimation results

In this section we report the estimates from the di¤erent models described in Section 2. Our

basic motivation is to examine two considerations: endogeneity of fertility and the impact of

controlling for unobserved heterogeneity and for predetermined existing children. Firstly, we

compare the results from linear and non linear models that instrument the fertility variable

with those that consider it as strictly exogenous. Secondly, we examine the importance of

accounting for panel data considerations through the estimation of linear and probit models

which include individual speci�c e¤ects and that treat the explanatory variables as strictly

exogenous and as predetermined.

We also report estimates of the e¤ect of children that take account of the dynamics

of female labour participation. Most of the evidence on dynamics points to the fact that

the estimates of the e¤ects of children on current labour supply that do not condition on

past labour supply are likely to be misleading.23 So it seems important to include lagged

23See for example Nakamura and Nakamura (1985).
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participation as an additional regressor, trying to pick up part of the heterogeneity e¤ects.

4.1 Models without unobserved heterogeneity
4.1.1 Linear estimates

Linear probability models are estimated in order to obtain results which do not depend on

distributional assumptions. Although, as it has been shown in previous sections, the inter-

pretation of the results from these linear models is di¢cult, identi�cation of the parameters

of the model does not require any hypothesis on the distribution of the error terms. Therefore

we can get an idea of the identifying power of the instruments compared to the non-linear

estimates. Tables 5 and 6 report estimates with and without including lagged participation

as a regressor. We compare the coe¢cients obtained by OLS regression with those obtained

using two-stage least squares (2SLS) (as in Heckman and MaCurdy (1985)).

OLS estimates suggest that the presence of an infant reduces the probability of work by

0.155. However, 2SLS estimates using Same sex as an instrument are markedly di¤erent from

the estimates obtained under strict exogeneity, implying stronger e¤ects of small children on

participation.24 This gap between OLS and 2SLS estimates is possibly due to measurement

errors.

Looking at other coe¢cients in the regressions, we see that the children between 2 and 6

years coe¢cient is of the expected sign, although it does not seem to signi�cantly in�uence

the probability of participating for those women with a smaller child. We do not obtain a

signi�cant e¤ect of age on participation. Anyway, we should not expect the age coe¢cient

to tell us much about the �true� e¤ects of age on participation. Since the younger women in

the sample have younger children, the age coe¢cient re�ects more the e¤ect of the age of the

youngest child that the e¤ect of age in itself. The husband�s income in�uences negatively

on female labour force participation. The education coe¢cients are of the expected sign

(positive), and they have a higher magnitude for higher quali�cations.25

24We have also performed 2SLS estimates using All boys and All girls, the two components of Same sex,
as separate instruments. In that case the e¤ect of fertility is somewhat smaller. However, the additional
predictive power provided by separating the two components of Same sex does not change the results very
much or lead to an appreciable increase in precision.

25These two variables, education and husband�s earnings, are potentially endogenous because the may be
partly determined by fertility.
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The 2SLS estimates obtained di¤er from some of the IV estimates previously reported

in the literature on children and labour supply. In his review article, Browning (1992,

p.1469) points out that it is not clear from these estimates whether children really have

no e¤ect on female labour supply, or whether the instruments are too weak or are poorly

speci�ed. Our 2SLS estimates are even larger (in absolute value) than the corresponding

OLS estimates. Nevertheless, it may be mentioned that Rosenzweig and Wolpin (1980) using

twins as instruments also found that the use of actual fertility in participation equations

understated the impact of exogenous changes in fertility on female work status.

4.1.2 Probit estimates

As it has been mentioned in Section 2.1, linear probability models are not appropriate for

estimating the relationship between two endogenous and discrete variables. Therefore, we

estimate di¤erent probit speci�cations of our model, which are shown in Tables 7 and 8.

First column of Table 7 presents the results from a probit model that treats fertility as

strictly exogenous, that is, in this model it is assumed that ½1" = ½2" = 0. Column (b)

reports maximum likelihood estimates from the model that treats fertility as endogenous

and imposes that y¤i1 ¡ y¤i0 is constant (that is, ½12 = 1). Third column contains estimates of

the switching probit model (that is, ½12 6= 1).
We have utilized Same sex and All girls, All boys variables as instruments, but since the

results are not very di¤erent and the value of the likelihood function does not change, we

only report the estimates using the Same sex.

The results are qualitatively consistent with the obtained for the linear models: the

coe¢cient on fertility is signi�cantly negative when the equation is estimated under strict

exogeneity, and it becomes more negative under endogeneity.

The coe¢cients on the children between 2 and 6 years old variables are always negative.

Based on these estimates we could obtain evidence that infants are more �time intensive�

than older preschoolers (in the sense that the latter have a less negative e¤ect on the prob-

ability of participating). One reason for the increasing participation of mothers as their

children age could be the decreasing time cost (for example, the cost of alternative super-

vision falls as children age). Another reason is that even if child care costs were constant,
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mothers might still prefer to have children with them at home when there are infants, or

that time spent with infants may be more exhausting than the same number of hours spent

with an older child (see Becker (1985)).

Regarding the e¤ects of the rest of covariates, we obtain similar qualitative e¤ects than

in the linear estimates and, again, we obtain that for all the regressors except fertility and

its interactions the coe¢cients are not much changed whether we instrument fertility or not.

Given the values of the likelihood function for models (b) and (c), we cannot reject the

null hypothesis ½12 6= 1. This result is not surprising, since the di¤erence between these two

models is that model (b) does not allow for the possibility that a woman would participate

in the case of having a child, but while not having one does not participate. In a sense, this

is a perverse situation, and this result suggests us that women in our sample do not behave

in that way. The e¤ect of lagged participation (see Table 8) is always positive as expected,

but when we allow for state dependence the estimator of fertility is somewhat smaller.

The estimations of the fertility equation are shown in Table 9. As we can see, in all

cases mothers of girls or boys are more likely than mothers with boys and girls to have an

additional child. Moreover, the estimated coe¢cients are very similar in all speci�cations.

To evaluate the exogenous e¤ect of fertility on the probability of participating in the

labour force, we calculate the average impact for all women for both models: the one in which

fertility is treated as endogenous and the one in which is treated as exogenous.26 As we can

see in the �rst row of Table 10, considering fertility as exogenous considerably understates

the e¤ect: in the exogenous case the probability of participating is reduced by 7.13%, while

in the endogenous one by 38.71%. The contrast between these two sets of estimates may

be due to measurement errors, but emphasizes the point that di¤erent individuals behave

di¤erently due to heterogeneous characteristics and that estimates which instrument fertility

are probably most useful for predicting the consequences of policy innovations. Another

informative way of highlighting the e¤ects of fertility on the probability of participating

is by calculating the implicit predicted probabilities for some individual types and seeing

how these probabilities change when various factors change. From third and fourth rows

26These average e¤ects are calculated using the models without state dependence.
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of Table 10 we can see that for those women with higher education the e¤ect of fertility is

smaller than for those with lower education: in the �rst case the e¤ect of fertility reduces

the probability of participation by 33.81% while in the second case by 41.91%. Last two

rows of Table 10 shows that when husband�s income is low the probability of participating

is reduced by 36.66% and by 38.93% when husband�s income is high.

4.2 Models with unobserved heterogeneity

We now turn to the estimation of models with unobserved heterogeneity as presented in

Section 2.3. In the panel data regressions we do not include variables which are constant

in the temporal dimension, such as age, education or race. Therefore, we only consider

as a regressor an indicator of sex of the previous children and an indicator of having a

child aged between 2 and 6 years old. This variable is treated as strictly exogenous and as

predetermined.

4.2.1 Linear estimates

Table 11 contains the estimates for three di¤erent linear speci�cations of the model that

includes individual speci�c e¤ects. Column (a) contains within groups estimates from a

linear model that the treats fertility as a strictly exogenous variable. Column (b) reports

GMM estimates of the model that deals with the endogeneity of fertility but treats the

existing children and same sex variables as strictly exogenous. We present the two-step

results using all lags and leads of x and z as instruments. Finally, Column (c) presents

GMM estimates of the model that treats fertility as endogenous and existing children and

same sex as predetermined variables. In this case, we use past values of x; z and y as

instruments. Table 12 reports similar estimates to those in Table 11 but including lagged

participation as a regressor.

In both tables, we can observe that relative to the rest of estimates, the within groups

estimates show a downward bias (in absolute value) in the coe¢cient on fertility.27 This result

is unsurprising, since the WG estimator introduces biases due to lack of strict exogeneity of

27Note that we would expect the �same sex� instrumental variable to be correlated with the �xed e¤ect.
The reason is that it will be a predictor of preferences for children, given that the sample includes women
with less than two children.
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explanatory variables. However, the stronger di¤erences appear when comparing columns (b)

and (c). We can see that controlling for predetermined existing children imply stronger e¤ects

of smallest children on participation: the fertility coe¢cient is much bigger (in absolute value)

than the corresponding GMM estimates that consider existing children as strictly exogenous.

According to these results, it seems important account for the dynamics of fertility in relation

to labour force participation decisions in order to obtain credible indication of the e¤ects of

children on participation.

4.2.2 Probit estimates

We now turn to the estimation of the model with unobserved heterogeneity as presented in

Section 2.3. Table 13 reports the results from a model that treats the age and the sex of

existing children as strictly exogenous variables. We consider three di¤erent models. The

�rst column contains ML estimates for the model that treats fertility as exogenous, while the

second and third columns show the results for an endogenous switching probit model. The

di¤erence between these two columns is that column (b) treats existing children as exogenous

and column (c) as predetermined.

The results indicate that, similarly to the previous estimates, if endogenous fertility is

not taken into account, an additional child appears to be associated with a smaller decrease

in participation than in the endogenous case. Again, we can appreciate stronger di¤erences

in the e¤ect of fertility when we control for predetermined existing children. Table 15 shows

the predicted probabilities of participating when individual e¤ects are taken into account.

To calculate these probabilities we have to consider the estimated Ãtj parameter for each

individual, depending on the values of the conditioning variables until t:

Ãtj = E(´i j wti = Átj) (j = 1; :::; (24)t)

Therefore, those individuals with the same conditioning set will have the same parameter

Ã. In terms of predicted probabilities, we can see that the average e¤ect on the probability

of participating decreases by 0.129 when endogenous fertility is taken into account and only

by 0.024 when it is considered as strictly exogenous.

Regarding the comparison between estimates with and without unobserved heterogeneity,
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it turns out that the estimates of the coe¢cients are upward biased when individual e¤ects

are not considered. Comparing the results from Table 15 to the ones in Table 10, we can see

that the failure in controlling for unobserved heterogeneity overestimates considerably the

reduction in the probability of participating.

So we can conclude that the exogeneity assumptions on fertility and existing children

variables induce a downward bias in absolute value in the estimated fertility e¤ect. This

bias can be due to any measurement error in the fertility variable, that introduces a spurious

positive correlation between this fertility measure and the dependent variable. However, the

bias due to ignoring individual e¤ects increases the e¤ect of fertility in participation. This

result indicates us that preferences for children and for participation could be negatively

correlated.

5 Conclusions

In this paper we propose a switching probit model for panel data to analyze the relationship

between dummy endogenous variables. This econometric framework enables us to take into

account the self-selection bias as well as other forms of time invariant unobserved hetero-

geneity. Furthermore, the explanatory variables can be predetermined as opposed to strictly

exogenous, which is a crucial point in our application. We apply this model to the estima-

tion of the relationship between fertility and female labour force participation decisions. It

allows us to investigate to what extent are these considerations important in determining

the exogenous e¤ect of fertility on participation. We use the sex of previous children as an

instrument for exogenous fertility movements. One important limitation of this instrument

is that it estimates the e¤ect for moving from 2 to 3 or more children in the population of

women with at least 2 children. The resulting estimates therefore do not necessarily describe

the impact of moving from 0 to 1 or from 1 to 2 children. However, since our results indicate

that the e¤ect of the third and subsequent child is actually to decrease labour market par-

ticipation, and the marginal e¤ect of a second and subsequent children is usually less than

that of the �rst child, our conclusions may have implications for other groups of women.

Two important conclusions emerged from our analysis. First, the standard approach
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with no instrumenting fertility leads to underestimates of the impact of exogenous changes

in fertility on female work status. Second, the coe¢cient on the fertility variable varies con-

siderably depending on whether we allow for unobserved heterogeneity and/or predetermined

existing children. In particular, this variable has a smaller e¤ect (is less negative) when we

control for �xed e¤ects and for predetermined existing children. Moreover, this e¤ect is even

smaller when we treat existing children and same sex variables as strictly exogenous.

Therefore, the fertility e¤ects obtained suggests the importance of accounting for the

dynamics in determining the causal e¤ect of fertility on participation. The estimates that

exploit the sex mix as an instrumental variable show us that children lead to an increase in

female labour participation, so those policies aimed to increase fertility could play a causative

role in increasing female participation.
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APPENDIX

The data used in this analysis come from the Michigan Panel Study of Income Dynamics.

We have selected those women older than 18 years old and less than 55 years old in 1986

and those classi�ed as married or cohabiting.

Variables:

Participation: The variable takes the value 1 if the annual hours worked in t is greater

than 0.

Fertility: The variable takes the value 1 if the age of the youngest child is 1 and there

has been an additional child.

Kids 2-6: The variable takes the value 1 if the age of the youngest child is 2, 3, 4,5 or 6.

Education: Highest grade or year of school completed. We consider the following cate-

gories: Education 1 (1-10), Education 2 (11-15) and Education 3 (16 and 17), postgraduate).

Husband�s Income: The values for this variable represent the head�s average hourly

earnings in dollars and cents per hour. This variable includes labour, part of farm income

and business income, wages, bonuses, overtime, commissions, professional practice, from

roomers and boarders.

Non-white: The variable takes the value one for black, American Indian and Asian

women, and 0 for white women.

25



REFERENCES

Abowd, J.M., and H.S. Farber (1982): �Job Queues and the Union Status of Workers�,

Industrial and Labor Relations Review, 35(3), 354-367.

Amemiya, T. (1985): Advanced Econometrics, Basil Blackwell, Oxford.

Arellano, M., and R. Carrasco (1996): �Binary Choice Panel Data Models with Predeter-

mined Variables�, CEMFI Working Paper 9618.

Angrist, J. D., and W. N. Evans (1998): �Children and Their Parents Labor Supply: Evi-

dence from Exogenous Variation in Family Size�, American Economic Review, 88(3),

450-477.

Angrist, J. D., and Guido W. Imbens (1994): �Identi�cation and Estimation of Local

Average Treatment E¤ects�, Econometrica, 62(2), 467-475.

Becker, Gary S. (1985): �Human Capital, E¤ort and the Sexual Division of Labor�, J. Lab.

Econ, 3(1), 533-558.

Ben-Porath, Yoram, and Finis Welch (1976): �Do Sex Preferences Really Matter?�, Quar-

terly Journal of Economics, 90, 285-307.

Browning, M. (1992): �Children and Household Economic Behavior�, Journal of Economic

Literature, 30, 1434-1475.

Card, D. and D. Sullivan (1988): �Measuring the E¤ect of Subsidized Training Programs

on Movements In and Out of Employment�, Econometrica, 56, 497-530.

Cramer, James C. (1980): �Fertility and Female Employment: Problems of Causal Direc-

tion�, Amer. Sociological Review, 45, 167-190.

Griliches, Z., B.H. Hall and J.A. Hausman (1978): �Missing Data and Self-Selection in

Large Panels�, Annals de l�INSEE, 30-31, 137-176.

Heckman, J.J. and B. Singer (1984): �A Method for Minimizing the Impact of Distributional

Assumptions in Econometric Models for Duration Data�, Econometrica, 52, 271-320.

26



Heckman, James J., and Thomas E. MaCurdy (1985): �A Simultaneous Equations Linear

Probability Model�, Canadian Journal of Economics, XVIII, 1, 28-37.

Honoré, B. (1992): �Trimmed LAD and Least Squares Estimation of Truncated and Cen-

sored Regression Models with Fixed E¤ects�, Econometrica, 60, 533-565.

Honoré, B. (1993): �Orthogonality Conditions for Tobit Models with Fixed E¤ects and

Lagged Dependent Variables�, Journal of Econometrics, 59, 35-61.

Iacovou, Maria. (1996): �Fertility and Female Labor Force Participation�, Unpublished

manuscript, University College, London.

Lee, L.F. (1978): �Unionism and Wage Rates: A Simultaneous Equation Model with Qual-

itative and Limited Dependent Variables�, International Economic Review, 19, 415-33.

Lehrer, E. and Nerlove, M. (1986): �Female Labor Force Behavior and Fertility in the

United States�, Ann. Rev. Sociology, 12, 181-204.

Maddala, G.S. (1983), Limited Dependent and Qualitative Variables in Econometrics, Cam-

bridge University Press, Cambridge.

Manski, C. (1987): �Semiparametric Analysis of Random E¤ects Linear Models from Binary

Panel Data�, Econometrica, 55, 357-362.

Moon, C.G. and J.G. Stotsky (1993): �The E¤ect of Rent Control on Housing Quality

Change: A Longitudinal Analysis�, Journal of Political Economy, 101, 1114-1148.

Mroz, Thomas A. (1987): �The Sensitivity of an Empirical Model of Married Women�s

Hours of Work to Economic and Statistical Assumptions�, Econometrica, 55(4), 756-

799.

Nakamura, Alice and M. Nakamura (1992): �The Econometrics of Female Labor Supply

and Children�, Econometric Reviews, 11, 1-71.

Nerlove, M. and J. Press (1973): �Univariate and Multivariate Log-Linear and Logistic

Models�, RAND report R-1306-EDA/NIH.

27



Pebley, Anne R. and Charles F. Westo¤ (1982): �Women�ss Sex Preferences in the United

States: 1970-1975�, Demography, 19, 177-189.

Rosenzweig, M.R. and K.I. Wolpin (1980): �Life-Cycle Labor Supply and Fertility: Causal

Inferences from Household Models�, Journal of Political Economy, 88, 328-348.

Ryder, Norman B. and Charles F. Westo¤ (1971): �Reproduction in the United States:

1965 and 1970�, Princeton University Press.

Sims, C.A (1972): �Money, Income and Causality�, The American Economic Review, 62,

540-552.

Schmidt, P. and R.P. Strauss (1975): �Estimation of Models wit Jointly Dependent Quali-

tative Variables: A Simultaneous Logit Approach�, Econometrica, 43, 745.755.

Schultz T, Paul (1978): �The In�uence of Fertility on Labour Supply of Married Women:

Simultaneous Equation Estimates�, in Research in Labor Economics, Ed: Ronald G.

Ehrenberg, Greenwich, CT: JAI Press, 273-351.

Waite, Linda J. and Stolzenberg, Ross M. (1976): �Intended Childbearing and Labor Force

Participation of Young Women: Insights from Nonrecursive Models�, Amer. Sociolog-

ical Review, 235-252.

Westo¤, Charles F., R.G. Potter, and P. Sagi (1963): �The Third Child: A Study in the

Prediction of Fertility�, Princeton University Press.

Williamson, Nancy E. (1983): �Son or Daughters: A cross-Cultural Survey of Parental

Preferences�, Beverly Hills Sage.

Willis, R., and S. Rosen (1979): �Education and Self-Selection�, Journal of Political Econ-

omy, 87, 507-536.

28



Table 1.1

Means of the data
(Standard deviation in parentheses)

Variable

More than 2 kids 0.404

(=1 if mother had more than 2 kids, =0 otherwise) (0.49)

Two boys 0.282

(=1 if first two children were boys, =0 otherwise) (0.45)

Two girls 0.235

(=1 if first two children were girls, =0 otherwise) (0.42)

Same sex 0.517

(=1 if first two children were the same sex, =0 otherwise) (0.50)

Age 31.293

(mother�s age in 1986) (5.68)

Worked for pay 0.769

(0.42)

Education 1 0.057

(0.23)

Education 2 0.719

(0.45)

Education 3 0.233

(0.42)

Black 0.227

(0.42)

Husband�s Income 12.830

(9.41)

Number of observations per year 1442



Table 1.2

Labour force participation by number of children

Number of children

0 1 2 3 4+

Market work 95.36% 80.10% 75.13% 69.81% 58.50%

Table 1.3

Percent of women with two or more children

Sample PSID 1986 PSID 1989

Women 18-25 34.01% 53.24%

Women 26-35 64.75% 73.76%

Women 36-55 80.24% 82.62%

Table 1.4

Percent of women who participate

Sample

With an additional child 66.11%

Without an additional child 78.30%





Table 2

Fraction of mothers with one child who had another child, by sex of first child

Fraction who had

Sex of first child, another child

families with one or more children (std.error)

(1) One boy 0.6980

(0.4593)

(2) One girl 0.6817

(0.4661)

Difference (1)-(2) 0.0163

(0.6544)



Table 3

Fraction of mothers with two children who had another child, by sex of first two children

Fraction who had

Sex of first two children, another child

families with two or more children (std.error)

Two girls 0.4475

(0.4980)

One boy, one girl 0.3844

(0.4868)

Two boys 0.4010

(0.4907)

(1) Both same sex 0.4222

(0.4942)

(2) One boy, one girl 0.3844

(0.4868)

Difference (1)-(2) 0.0378

(0.6937)



Table 4

Fertility equation
Probit estimates

Indep. variables

Same sex 0.325 -

(5.40) -

All boys - 0.328

(4.30)

All girls - 0.321

(3.91)

Kids 2-6 -2.135 -2.135

(-13.22) (-13.23)

Educ 2 0.028 0.028

(0.24) (0.24)

Educ 3 0.307 0.307

(2.45) (2.44)

Age -0.081 -0.081

(-16.65) (-16.64)

Black 0.092 0.092

(1.45) (-1.46)

Husband�s Income 0.003 0.003

(1.06) (1.06)

Constant 1.527 1.527

(8.22) (8.22)

Log-likelihood -1561.13 -1561.13

Dependent variable: occurrence of a new birth.
N = 1442 women between 18-55 years old in 1986. Years = 1986, 1987,
1988, 1989.
Figures in parentheses are t-ratios.



Table 5

Female labour participation without unobserved heterogeneity
Linear estimates

Method OLS 2SLS

Instruments Same sex

Indep. variables

Fertility -0.155 -0.987

(-8.40) (-5.80)

Kids 2-6 -0.078 -0.232

(-6.59) (-6.70)

Fert.*Kids2-6 0.214 -3.687

(1.03) (-1.27)

Educ 2 0.156 0.145

(6.58) (6.09)

Educ 3 0.232 0.264

(8.81) (9.74)

Age 0.002 -0.009

(1.95) (-3.70)

Husband�s Income -0.004 -0.004

(-6.70) (-7.25)

Black 0.026 0.037

(1.98) (4.97)

Constant 0.663 1.176

(16.19) (11.21)

Dependent variable: labour market participation
N = 1442 women between 18-55 years old in 1986. Years = 1986, 1987,
1988, 1989.
Figures in parentheses are heteroskedasticity robust t-ratios.



Table 6

Female labour participation without unobserved heterogeneity
Linear estimates with state dependence

Method OLS 2SLS

Instruments Same sex

Indep. variables

Fertility -0.089 -0.216

(-6.13) (-0.936)

Kids 2-6 -0.019 -0.038

(-2.08) (-0.808)

Fert.*Kids2-6 -0.058 -3.367

(-0.36) (-0.998)

Educ 2 0.049 0.033

(2.64) (1.304)

Educ 3 0.072 0.065

(3.50) (2.00)

Age 0.001 -0.002

(1.81) (-0.06)

Husband�s Income -0.002 -0.002

(-3.71) (-3.53)

Black 0.010 0.016

(0.95) (1.77)

yt?1 0.625 0.623

(60.61) (40.00)

Constant 0.237 0.333

(7.25) (2.29)



Table 7

Female labour participation without unobserved heterogeneity
Probit estimates

Model _1P = _2P = 0 _12 = 1 _12 ® 1

(a) (b) (c)

Indep. variables

Fertility -0.491 -1.107 -0.801

(-8.21) (-5.52) (-3.67)

Kids 2-6 -0.268 -0.365 -0.411

(-6.64) (-7.81) (-11.83)

Fert.*Kids2-6 0.718 0.027 0.671

(0.99) (0.30) (0.68)

Educ 2 0.470 0.467 0.454

(6.35) (6.38) (9.11)

Educ 3 0.745 0.765 0.758

(8.71) (8.97) (13.01)

Age 0.006 -0.001 -0.003

(1.91) (-0.24) (-1.07)

Husband�s Income -0.013 -0.013 -0.13

(-6.61) (-6.34) (-8.99)

Black 0.089 0.089 0.09

(1.93) (1.96) (3.08)

Constant 0.438 0.773 0.890

(3.20) (4.73) (7.77)

_1P - 0.364 0.816

- (3.19) (1.89)

_2P - - 0.106

(0.67)

Log-likelihood -4577.50 -4571.07 -4570.66



Table 8

Female labour participation without unobserved heterogeneity
Probit estimates with state dependence

Model _1P = _2P = 0 _12 = 1 _12 ® 1

(a) (b) (c)

Indep. variables

Fertility -0.410 -0.651 -0.644

(-5.94) (-2.45) (-2.00)

Kids 2-6 -0.106 -0.151 -0.164

(-2.21) (-2.04) (-1.66)

Fert.*Kids2-6 -0.189 -0.400 -0.60

(0.79) (-0.55) (-0.34)

Educ 2 0.234 0.235 0.235

(2.72) (2.60) (2.64)

Educ 3 0.377 0.390 0.392

(3.77) (3.66) (3.67)

Age 0.009 0.005 0.005

(2.22) (1.11) (0.82)

Husband�s Income -0.009 -0.009 -0.009

(-3.65) (-3.05) (-3.31)

Black 0.058 0.060 0.060

(1.06) (1.05) (1.03)

yt?1 1.932 1.926 1.923

(41.80) (40.07) (41.29)

Constant -0.854 -0.707 -0.672

(-5.21) (-2.99) (-2.22)

_1P - 0.142 0.190

(0.96) (0.63)

_2P - - 0.125

(0.63)

Log-likelihood -3597.94 -3594.83 -3594.80



Table 9

Probit estimates of the fertility equation
Models without unobserved heterogeneity

Model without yt?1 with yt?1

_12 = 1 _12 ® 1 _12 = 1 _12 ® 1

Indep. variables

Same sex 0.355 0.365 0.328 0.328

(5.99) (5.77) (5.43) (5.03)

Kids 2-6 -2.150 -2.156 -2.136 -2.137

(-13.31) (-12.59) (-13.18) (-12.32)

Educ 2 0.022 0.032 0.028 0.028

(0.62) (0.35) (0.13) (0.30)

Educ 3 0.289 0.308 0.307 0.308

(3.97) (2.90) (1.46) (2.81)

Age -0.080 -0.081 -0.081 -0.081

(-15.95) (-17.05) (-13.34) (-18.37)

Black 0.098 0.117 0.087 0.089

(1.69) (1.66) (1.28) (1.24)

Husband�s Income 0.004 0.002 0.003 0.003

(1.21) (0.82) (1.06) (1.00)

Constant 1.522 1.554 1.525 1.526

(9.31) (7.72) (4.73) (7.78)



Table 10
Effect of fertility on the probability of participating

Models without unobserved heterogeneity

Endogenous fertility Exogenous fertility

Average effect -0.387 -0.071

Standard1 -0.391 -0.162

Low education -0.419 -0.192

High education -0.338 -0.134

Low husband�s income -0.366 -0.146

High husband�s income -0.389 -0.190

Notes: The average effect is calculated as the mean of EÝyi1 ? yi0 Þ.
1. Standard: white women with the mean age in our data (33 years), with the mean husband�s

income (13), without kids aged between 2 and 6 years old, with medium level of education.



Table 11

Female labour participation with unobserved heterogeneity
Linear estimates

Method (a) (b) (c)

WG GMM1 (St.Exog.) GMM2 (Predet.)

Instruments Same sex

Indep. variables

Fertility -0.054 -0.062 -0.133

(-3.66) (-2.24) (-2.24)

Kids 2-6 0.027 0.005 -0.096

(0.20) (0.28) (-3.19)

Fert.*Kids2-6 -0.216 -0.878 -2.358

(-0.97) (-0.57) (-1.25)

1IVs: All lags and leads of �Kids 2-6� and �same sex� variables.
2IVs: Lags of �Kids 2-6� and �same sex� up to t ? 1.



Table 12

Female labour participation with unobserved heterogeneity and state dependence
Linear estimates

Method (a) (b) (c)

WG GMM (St.Exog.) GMM (Predet.)

Instruments Same sex

Indep. variables

Fertility -0.054 -0.093 -0.175

(-3.61) (-2.76) (2.50)

Kids 2-6 0.002 -0.017 -0.074

(0.16) (-0.95) (-2.48)

Fert.*Kids2-6 -0.223 -1.611 -4.068

(-0.97) (-0.86) (-1.53)

yt?1 0.035 0.556 0.413

(1.69) (5.37) (3.10)

These estimates also include lags of participation up to t ? 2 as instruments.



Table 13

Female labour participation with unobserved heterogeneity
Probit estimates

Model _1P = _2P = 0 _12 = 1 (St.Exog.) _12 = 1 (Predet.)

(a) (b) (c)

Indep. variables

Fertility -0.146 -0.688 -0.984

(-2.48) (-1.363) (-10.68)

Kids 2-6 0.068 -0.036 -0.389

(1.31) (-0.411) (-1.801)

Fert.*Kids2-6 0.304 0.1146 -0.708

(0.33) (0.343) (-1.464)

Constant 2.716 1.227 -

(0.170) (1.748)

_1P - 0.226 0.755

- (0.816) (9.857)

Log-likelihood -8014.88 -6435.22 -2585.19



Table 14

Probit estimates of the fertility equation
Model with unobserved heterogeneity

Model _12 = 1 (St.Exog.) _12 = 1 (Predet.)

(a) (b)

Indep. variables

Same sex 0.193 0.156

(4.010) (2.160)

Kids 2-6 -1.734 -1.553

(-16.672) (-11.46)

Constant -0.988 -1.026

(-42.589) (-29.091)

Table 15
Effect of fertility on the probability of participating

Model with unobserved heterogeneity

Endogenous fertility Exogenous fertility

Average effect -0.129 -0.024

Without kids 2-6 -0.151 -0.043

With kids 2-6 -0.109 0.016


