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Abstract

The rise in inequality and poverty is one of the most important economic
and social issues in recent times. But in contrast to the literature on
individual earnings inequality, there has been little work modelling (as
opposed to documenting) household income dynamics. This is largely
because of the difficulties created by the fact that on top of the human
capital issues that arise in personal earnings, individuals are continually
forming, dissolving and reforming household units. This paper proposes
a framework for modelling household income dynamics. it emphasises
the role of household formation and dissolution, and labour market
participation. It allows standard economic theory to address the issues
of household, as distinct from individual, income and poverty dynamics.
We illustrate this framework with an application to poverty rates among
young women in the US. We use this model to analyse differences in
poverty experiences, particularly between black and white women.
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1. Non-Technical Summary

The rise in inequality and poverty is one of the most important economic and social
issues in recent times. After declining through the 1960s and 1970s, poverty rates
in the US started trending upwards from the end of the 1970s. This renewed
interest in distributional issues has been influenced by a dynamic perspective
on household income generation. It is now well established that income levels
for any one household can fluctuate substantially over time. Indeed, stability is
the exception rather than the norm: the Census Bureau reports that nearly 80
percent of the population see their family income to needs ratio change by at
least 5 percent in a year, with falls and rise roughly in balance. The probability
of larger movements is also high: the Economic Report of the President quotes
unpublished work showing the chance of changing income decile to be around
30 percent per year. Similarly high levels of income mobility have been found
in other countries. Such income mobility clearly includes movement across the
poverty line.

There has been a great deal of work documenting the rise in inequality and
poverty (see for example, work by Atkinson, Danziger and Gottschalk, Gottschalk
and Moffitt, Gottschalk and Smeeding, and Hills). There has also been work high-
lighting the importance of dynamics in the income generation process. But we
need to go further and explain and understand these processes. In contrast to the
work on individual earnings dispersion, there has been little work modelling (as
opposed to documenting) household income dynamics. Indeed, Sawhill has noted
that economists have no model of household income dynamics or poverty (pp.
1085-6, p. 1113). This view is repeated ten years later by Gottschalk: ”the gaps
[in models of individual earnings] are small compared to the limited understanding
of the processes generating families and family income”; also in Gottschalk and
Smeeding, pp. 635, 668 and 676). This is largely because on top of the human
capital issues that arise in personal earnings, individuals are continually forming,
dissolving and reforming household units. If we follow convention and take the
household to be the unit for which poverty is defined, and adopt an income-based
definition of poverty an individual is classified as being poor if the income of the
household of which she is a member falls below a threshold. Income is assumed to
be shared within a household, so to determine whether a household is poor (and
so all its members are poor), the household’s collective income is compared to its



collective needs. If each household was composed of a fixed set of individuals,
analysis of household behaviour and the probability of a given household being
poor would be straightforward. The key issues would be the determination of
household labour supply and the level of the human capital resources available to
the household. To understand this we would need to model dynamic processes
such as the labour supply response of one individual to another losing her job,
for example. Even where households are stable collections of individuals, individ-
ual decisions and events have an impact on the poverty status of all household
members. This line of argument might suggest taking the household as the unit
of analysis as well as the unit of measurement, and modelling the income of the
household unit as a whole, for the life of the household.

There are two problems with this, both of which imply that we need to keep
the individual as the unit of analysis. First, we are in the end concerned with
the well-being of individuals, and we would therefore need to map back from the
household to the individual. Second, particular households actually have short
lives on average, too short for this approach to be useful; much of the dynamic
"action’ involves individuals transiting between household types. That is to say,
typically households are not stable groupings. Young adults leave the parental
home, form partnerships, have children, split up and see their own children leave
home. These events may occur more than once in an individual’s life and in differ-
ent sequences. The individuals who make the economic decisions on employment
and earnings are being continually resorted into different household groups. These
household transitions are not exogenous: they are influenced by the behaviour of
individuals. Thus an economic model of household income (and so of poverty)
is a mix of individual decisions taken in a household context and decisions on
household formation. The probability of a single identified individual being poor
depends on the income flows into the household in which the individual lives
and the household’s needs. The aggregate poverty rate for a group of individu-
als depends on the earnings available to the group, and how the group organises
into households. These are the economic processes which constitute the poverty
transition process. The central components are labour market factors such as
labour supply and earnings generation, and household formation and dissolution
processes such as marriage, divorce and fertility. This is the issue we address in
this paper. We propose a framework for modelling household income dynamics,
and present an empirical implementation relating to poverty dynamics using a
panel dataset of young Americans, the National Longitudinal Survey of Youth
(NLSY). We do not in this paper attempt to deal with all the econometric prob-



lems involved in modelling household behaviour. Instead we offer a framework for
analysing household income and poverty dynamics and embed in that a relatively
simple model of behaviour that we feel captures the main factors involved. We
estimate the components of this framework using recent models of labour supply,
household formation and dissolution and child-bearing.

We illustrate this approach by using these estimates to investigate the dynam-
ics of the very different experiences of poverty among black and white women.
We find that differences in behaviour underlying the transition processes make a
major contribution to differences in poverty rates. While we show that all transi-
tion rates matter, rates of marriage appear to be the single most important factor,
as marriage gives access to another income stream. For example, if black women
are given the marriage behaviour of white women, their poverty rate is almost
halved. Some aspects of an individual’s situation early in life affect their likely
subsequent poverty status, particularly the level of completed education, but in
general transition behaviour is more important. For example, white women who
are unmarried mothers at age 18 have a poverty rate three times the white average
at age 20, but only fifty percent higher at age 29. The results demonstrate the
feasibility of using this approach and that new insights can be derived about the
factors lying behind household income changes.



2. Introduction

The rise in inequality and poverty is one of the most important economic and social
issues in recent times. After declining through the 1960s and 1970s, poverty rates
in the US started trending upwards from the end of the 1970s. Underlying these
average poverty rates are important dynamic processes. It is well established that
income levels for any one household can fluctuate substantially over time. Indeed,
stability is the exception rather than the norm: the Census Bureau reports that
nearly 80% of the population see their family income to needs ratio change by at
least 5% in a year, with falls and rise roughly in balance!. Similarly high levels
of income mobility have been found in other countries?. Such income mobility
clearly includes movement across the poverty line.

How should economists analyse and understand these facts? In contrast to
the work on individual earnings dispersion®, there has been little work modelling
(as opposed to documenting) household income dynamics. Indeed, Sawhill ([43])
noted that economists have no model of household income dynamics or poverty
(pp. 1085-6, p. 1113). This view is repeated ten years later by Gottschalk ([21], p.
22): ”the gaps [in models of individual earnings| are small compared to the limited
understanding of the processes generating families and family income”; also in
Gottschalk and Smeeding ([23], pp. 635, 668 and 676). This is largely because
on top of the human capital issues that arise in personal earnings, individuals are
continually forming, dissolving and reforming household units.

This is the issue we address in this paper. We propose a framework for mod-
elling household income dynamics, and present an empirical implementation relat-
ing to poverty dynamics using a panel dataset of young Americans, the National
Longitudinal Survey of Youth (NLSY). Obviously, we do not in this paper at-
tempt to deal with all the econometric problems involved in modelling household
behaviour. Rather we offer a framework for analysing household income and
poverty dynamics and embed in that a relatively simple model of behaviour that
we feel captures the main factors involved. Further work adopting the approach
can build on this model. We then illustrate our approach by using these esti-

!See Masumura [38]. The income/needs ratio is the ratio of annual family income to the
appropriate poverty line. The figures refer to the late 1980s and early 1990s. The probability of
larger movements is also high. The Economic Report of the President [25] quotes unpublished
work of Burkhauser, Holtz-Eakin and Rhody showing the chance of changing income decile to
be around 30% per year.

2See OECD[42]

3See for example Levy and Murnane [32]



mates to investigate the dynamics of the very different experiences of poverty
among black and white women.

In the next section we set out the key issues underlying our approach, and re-
view other recent work. Section 3 then sets out the framework linking models of
individual decisions to household income dynamics. Section 4 describes a simple
behavioural model that fits into this framework. Sections 5 through 7 implement
this approach using the NLSY. We describe the data, estimate behavioural equa-
tions and use these to produce a behavioural model of poverty. Among other
findings, we show the importance of differences in behaviour underlying marriage
formation, the persistence of being in a low income state at age 19, the persistent
effect of shocks in early adulthood, and the overall importance of the economic be-
haviour underlying transitions between demographic states. Section 8 concludes.

3. Issues and Literature

A common starting point for the measurement and analysis of poverty is to define
poverty in income terms. The level of money income used as the poverty threshold
is an administratively chosen amount (for example, the official US poverty line
developed in the 1960s, or the European choice of half average earnings). An indi-
vidual is defined as poor if the income of the household of which she is a member,
falls below this threshold 7, where typically 7 depends on household composition.
But underlying this single administrative state of having income below 7 are a
number of economic processes. An individual may be poor if her income from
employment is low, or if another member of her household is unemployed, or if
her household is large and household 'needs’ are high. A number of points follow
from this, which influence how poverty is modelled.

3.1. Issues

If we follow convention and take the household to be the unit for which poverty is
defined and adopt an income-based definition of poverty, an individual is classified
as being poor if the income of the household of which she is a member falls below
a threshold*. Income is assumed to be shared within a household, so to determine
whether a household is poor (and so all its members are poor), the household’s

4Equivalently, if her equivalised income is below some predetermined threshold.



collective income is compared to its collective needs®. If each household® was
composed of a fixed set of individuals, analysis of household behaviour and the
probability of a given household being poor would be straightforward. The key
issues would be the determination of household labour supply and the level of
the human capital resources available to the household. To understand this we
would need to model dynamic processes such as the labour supply response of
one individual to another losing her job, for example. Even where households are
stable collections of individuals, individual decisions and events have an impact on
the poverty status of all household members. This line of argument might suggest
taking the household as the unit of analysis as well as the unit of measurement,
and modelling the income of the household unit as a whole, for the life of the
household.

There are two problems with this, both of which imply that we need to keep
the individual as the unit of analysis. First, we are in the end concerned with
the well-being of individuals, and we would therefore need to map back from the
household to the individual. Second, particular households actually have short
lives on average, too short for this approach to be useful; much of the dynamic
‘action’ involves individuals transiting between household types. That is to say,
typically households are not stable groupings. Young adults leave the parental
home, form partnerships, have children, split up and see their own children leave
home. These events may occur more than once in an individual’s life and in differ-
ent sequences. The individuals who make the economic decisions on employment
and earnings are being continually resorted into different household groups. These
household transitions are not exogenous: they are influenced by the behaviour of
individuals. Thus an economic model of household income (and so of poverty)
is a mix of individual decisions taken in a household context and decisions on
household formation. The probability of a single identified individual being poor
depends on the income flows into the household in which the individual lives
and the household’s needs. The aggregate poverty rate for a group of individu-
als depends on the earnings available to the group, and how the group organises
into households. These are the economic processes which constitute the poverty
transition process. The central components are labour market factors such as
labour supply and earnings generation, and household formation and dissolution
processes such as marriage, divorce and fertility.

Poverty status is a binary indicator, and so might be thought susceptible to

5We therefore ignore the important issue of intra-household allocation of resources.
6Including single person households.



dynamic discrete choice modelling of the type surveyed by Eckstein and Wolpin
[19]. This approach relies on defining the objective function for an individual,
dependent on the discrete state variable, maximising, and characterising the re-
sulting transition probabilities as functions of the covariates. However, from the
above it is clear that such an approach does not fit naturally to the case of poverty.
Unlike "retirement”, "having a child”, or "buying a car”, being in poverty is not
an economic state for which one can straightforwardly compare the utility streams
in and out of that state. As just noted, there are certainly economic processes
and states underlying the poverty state and these affect utility but, to repeat,
the state of being in poverty is an administrative state, which has no impact on
utility over and above that of the component processes”.

Below we propose a model of household income dynamics that will (i) focus on
the processes and events which underlie income transitions, and (7i) incorporate
individual behaviour in a household context.

Before presenting details of this model we review the relevant previous litera-
ture, and relate it to our approach.

3.2. Literature

The recent upsurge in interest in income inequality® has highlighted the impor-
tance of dynamics in the income generation process, or, equivalently, the dis-
tinction between permanent and transitory inequality. But as noted in the in-
troduction, this literature lacks appropriate models for analysing (as opposed to
documenting) household income dynamics. One context in which approaches to
such a model have been proposed is in the analysis of poverty dynamics.

The bulk of economics research on poverty has been concerned with defining
and quantifying measures of poverty. This literature has tackled a wide range of
complex issues. These include welfare based questions such as the appropriate
definition of poverty, technical questions on devising measures of poverty which
have useful properties, and a large amount of empirical work implementing these
measures. Such work is summarised in Seidl [44] and Foster [20] (for measurement
and welfare issues), and Sawhill [43] and Danziger and Gottschalk [17] (for US
empirical work). Some of the more recent empirical work has documented dynamic

"Unless being poor (as administratively defined) has social stigma attached to it, over and
above that simply arising from a relative lack of income. But individuals are typically unaware
of whether they are officially classified as poor, as opposed to receiving welfare benefits, say.

8See for example, Atkinson [2], Danziger and Gottschalk [17], Gottschalk and Moffitt [22],
Gottschalk and Smeeding [23], Hills , and OECD [42].
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aspects of poverty, such as duration, incidence and repeat spells (see Duncan, [18],
Stevens, [46]). Other work has stressed that such dimensions of poverty (as well
as the depth of poverty) should be included in measures of poverty ([29]).

There is a large literature on processes which are clearly related to poverty,
such as chronic unemployment, low pay, marriage and divorce, child-bearing at
young ages, welfare recipiency, disability and ill-health. As use of panel data
becomes routine these models pose dynamic questions. Examples are welfare
recidivism, unemployment inflow and duration , duration of marriage, time to first
birth and subsequent child spacing. Recent work also allows for inter-relationships
between processes. Lillard ([34]) models simultaneous hazard functions for divorce
and fertility. But there is no framework to put this work to use in an analysis of
poverty.

There are, however, two approaches which are of considerable relevance. The
first is a dynamic earnings function approach, first proposed by Lillard and Willis
([35]); the second is a poverty spells, event analysis approach, first undertaken by
Bane and Ellwood ([4]), and recently updated by Stevens ([45]).

Lillard and Willis investigate one of the processes which underlie poverty: the
earnings of men. They estimate an earnings function for male heads of household
using the seven years of the PSID then available. Their estimation allows for the
impact of observable characteristics, an unobservable time-invariant individual
effect, and a serially correlated random term on log earnings. Adopting half
median male earnings as the poverty line, they calculate the probability of being
in poverty from the distributions of the observable variables, the individual effect
and the random term, and the serial correlation parameter.

The paper provides a framework for linking earnings functions, and therefore
human capital theory, to sequences of poverty probabilities, emphasising the im-
pact of persistence (serial correlation) and heterogeneity. However, it appears
to be less well suited to an analysis of household income dynamics in general.
First, it looks only at changes in male earnings as a source of poverty transitions.
This is only one, possibly minor, component of the poverty process. The work
of both Bane and Ellwood and Stevens has shown that a major component of
poverty dynamics is due to household formation and dissolution. Because of this,
female earnings are as important in determining poverty status as male earnings.
Second, and more importantly, the Lillard and Willis model is necessarily based
on individuals: they compare individuals’ earnings to an individual poverty line.
But poverty as generally understood is a household characteristic. So a focus
on the earnings of one individual in the household excludes from the analysis

11



any consideration of household formation decisions, which are crucial to poverty
transitions®.

Bane and Ellwood focus on spells of time in and out of poverty, also using the
data in the PSID. They calculate poverty exit rates and the implied distributions
of spell lengths, and examine the events coinciding with entry into and exit from
poverty. They find that 40% of spell starts are associated with a drop in household
head’s earnings, and 60% of spell endings are associated with a rise in household
head’s earnings.

This type of analysis provides a useful characterisation of the nature of poverty,
but does not attempt to offer a behavioural model for analysing poverty. The
events considered, such as marriage, divorce, child-rearing, and earnings changes,
are not exogenous to individuals. They can be thought of as being partly under the
influence of the individual and therefore can be modelled in a standard economic
choice setting. Granted this endogeneity, it seems inappropriate to focus on the
occurrence of the events themselves as the key factors in an analysis of poverty.
Also, the events-based approach identifies one of the factors associated with a
move in or out of poverty, but cannot model the link between different events
which may occur at one time. So for example, when a number of events coincide
with the poverty transition, the selection of which one to tag is arbitrary. Bane and
Ellwood adopt a hierarchical scheme and assume that any household composition
change is primary, and assign that as the source of the poverty transition. But it
may not be chance that a number of events coincide: this may reflect individuals
reacting to or anticipating a shock. And because of this the approach cannot easily
be used to trace through the later impact of the shock on poverty transitions.
So, for example, it is possible using this approach to note that much poverty is
associated with household dissolution and that after a movement into poverty
different individuals leave at different rates based on their human capital, but
the link between the household dissolution shock and any prior or subsequent
employment shocks is not explicitly modelled and so is difficult to explore.

We can briefly summarise these approaches in a formal way and compare them

9The basic framework could in principle be extended to address this issue. First, the model
could simply be applied to household income rather than individual earnings and the human
capital interpretation dropped. However, it is unlikely that an autoregressive process of the type
Lillard and Willis fit to male earnings would fit the large and discontinuous jumps that occur
in equivalised household income as a result, say, of divorce, child birth or non-employment.
However, if it was possible to identify the different earnings regimes associated with different
household types, and use information on that for estimation, then the problem of discontinuity
could be overcome. The approach we set out could be viewed in this way.

12



to our own, set out more fully below. Let 7 be the probability that an individual is
in poverty. We will model that as depending on the state the individual is currently
in, denoted d, and a set of characteristics, X. The state is endogenous, determined
by the previous state, another set of characteristics Z, and lagged income, y; 1:
e (Xe, dy), di(di—1, Zy,y1—1). We can contrast this with many standard studies of
poverty, which regress m; on a set of variables, 7 (W;), where W may include a
sub-set of (X, 7). Also in this category is the work of Huff Stevens and others
estimating models of poverty inflows and outflows (see Huff Stevens[46]), which
can be written as A (W;). Such studies provide very useful evidence documenting
the characteristics of the poor and the nature of poverty, but do not aim to provide
a model for analysing poverty.

We estimate the functions d;(.) and earnings functions to explore the be-
haviour underlying household income dynamics. The reduced form of this ap-
proach (m(Xy, Zt,do, yo)) is very similar to standard studies, but the analysis of
endogenous changes of state means that poverty dynamics (and household income
dynamics in general) can be modelled in a behavioural way. The event analysis
approach of Bane and Ellwood can be characterised as looking at data associa-
tions of the form Am(Ad;). This ignores the influence of X, and more importantly
ignores the endogeneity of d. Lillard and Willis’s model can be written in these
terms as 7 (X;|d = dy), where d; denotes the state continuously employed, and
(almost) continuously married!.

In summary, the analysis of Lillard and Willis is undermined as a study of
household income dynamics by the omission of household formation. Bane and
Ellwood emphasise this but purely from a descriptive point of view. The recogni-
tion that such factors are endogenous implies that they be set in a choice model.
We develop an economic analysis which includes endogenous household forma-
tion decisions, and models income generation. Relative to Lillard and Willis, our
approach focuses on households rather than individuals as the unit for poverty
measurement, and explicitly addresses the household formation issues that arise
from that. We retain the human capital approach to earnings and earnings func-
tions for individual members of a household participating in the labour market.

10T heir sample is selected on the basis of reporting some earnings each year, and the sample
statistics indicate that in 94% of the (N*T) observations the respondent is married.
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4. Framework

We present here a framework for analysing household income dynamics, which we
focus around the study of poverty. In the next section we embed in it a model
of individual behaviour, but the overall framework is conceptually distinct from
a particular model proposed for individual behaviour. We propose a behavioural
model in section 4, but different behavioural models could be used.

4.1. Our approach

We define a set of interrelated labour market and household formation and dis-
solution processes, for example seeking employment, looking for a spouse. Each
process has a number of outcomes, for example, being unemployed or employed,
being single or married. Since poverty is measured over a fixed period of time,
we work in discrete time. At any date ¢ the individual will be in one of the
possible outcome states for each process, and be in an overall state defined by
the outcomes of the full set of processes. Each overall state is associated with a
household income distribution. An individual will be in poverty at ¢ if her realised
household income is below the level defined as the poverty level for the household
with the composition of her own at ¢ (say §)''. A poverty transition occurs if
the individual’s household income was below ¥ at ¢, but above y at £ + 1, or vice
versa. Household income transitions are naturally modelled as a mixture model'?,
where the weights are the probabilities of moving into each overall state (given
the current overall state), and each overall state is characterised by an income
distribution. The probabilities of transitions between different household income
levels can be calculated, and given a definition of y, poverty transitions between
t and t + 7,7 > 1 can also be derived.

We assume that these transitions are influenced by an individual’s behaviour.
For example, the individual may put effort into searching for a job, and/or for a
partner, and this will affect the probability of transition. The amount of effort
the individual puts into each process will be chosen to maximise her present and
future expected utility'®. We present our utility maximising model in section 4;

HThe choice of § is exogenous to the our modelling approach, but could be defined in several
ways

120r equivalently as a switching regression model with endogenous switching (see Maddala[37]
pp. 283 - 6).

13 As discussed above, the model of poverty dynamics is logically distinct from any one par-
ticular model of individual behaviour. At this stage, therefore, we omit the details of the utility
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here we focus on the framework.

4.2. The processes, the overall state and income in each state

Each individual has a set of characteristics Z, and a current household income
level y. We allow Z to be time-varying, though in what follows we omit the time
subscript. The components of the framework are as follows.

First, the transition processes. While in principle the individual can make
decisions over effort in a number of household and labour market processes, in
this exposition we assume she faces only two, a marital state process and a labour
market process. Let m denote the marital state process and [ denote the labour
market process. Each process has two possible outcomes at each date. m; is the
individual’s marital status at ¢ and has outcomes ¢ = couple and s = single. l; is
the individual’s employment outcome at ¢ and has outcomes w = employed and
n = not employed. We also define [, as the individual’s partner’s labour market
state, if a partner is present; this is null if m; = s.

Second, the overall state at ¢ is given by a triple of marital and labour market
process outcomes and is denoted € = (my [, I}). my can be either s or ¢ and I, and
I; can be either w or n (I; will be null if m; = s), giving six possible combinations
of states, any particular one being €2, 7 =1, ..6.

Third, the determination of earnings. Let the random variable e; denote an
individual’s earnings; ¢ denotes the individual’s partner’s earnings, if present.
The individual faces an earnings distribution which depends upon her personal
characteristics, Z and her overall state €2, denoted f(é; Z,€). The income of
an individual not working is denoted b'*. In each overall state, the individual
has a household income. If the individual is in a state in which she is alone,
the household is by definition a one person household and individual income is
household income; if the individual is in a state in which there is another household
member, the other member may also have an income. We write total household
income as

G = Infi+ (L= T)b+ LIy, @' + (1= Iy )b) (4.1)

where Ij; (respectively I,,:) equals one if I, = w (respectively m; = ¢). The

maximisation problem; we return to this below.

M This simple formulation avoids the difficulties associated with the complexities of real benefit
systems. Clearly, we could allow b(2) with no difficulty. We discuss the way we deal with the
US system in the empirical sections below.
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distribution of household income in a state is derived from the distribution of
earnings f(&; Z,€), the definition of g, above and the covariance of &; and & .
We denote this distribution ¢(g;; Z,Z ,€), the ~ denoting that y is a random
variable (as opposed to the current realised value which we also use below), and
Z' denotes the personal characteristics of the partner. This can be compared with
the appropriate household poverty line, dependent on household composition 7(1+
Iyw), with w < 1 being the weight on the second adult. This is how the NLSY
reports the official US poverty lines and so this is how we proceed in the empirical
implementation below!®.

4.3. Transition probabilities

The one period movement between overall states, for example €y to 41, is
derived from the transition probabilities for each behavioural process. These are
denoted \,; and Ay (in a non-stationary world, the transition probabilities will
differ by ¢).

We assume these transition probabilities depend on the state of origin and are
not exogenous to the individual. Details of the modelling of these are in section
4, but all we assume for this section is that the transition probabilities will in
general depend on the current overall state €2, the current income realisation and
the characteristics of the individual Z.

Let Ar, and A}, denote the optimised probability of changing m and [ state
respectively between ¢ and ¢t + 1. Given these, the probability of changing overall
state between ¢ and ¢ 4 1 i.e. moving from (U, at ¢ to ;41 at t + 1 is

q4Qj 11 (yt7 Qt7 Z7 ZI) = q()‘;knt(yh Qt7 Z)7 )‘?t(ytu Qtu Z)7 )‘;I(yh Qt7 Z’)) (42)

Note that the subscript to ¢ indexes a specific destination state in t + 1, the
date of arrival in the destination state, while the {); as an argument of A denotes
dependence of the transition probabilities on the current (t) origin state. The
functional form of (4.2) is general. Its precise form will depend upon the particular
assumptions made about the timing of the outcomes of the two probabilities in the
time period between t and ¢t + 1. We could assume that the transition probability

15 Alternatively, we could examine the distribution of per capita equivalised household income,
ypc. This is simply total household income divided by weighted household members: ypc =

g+I(m:c)e '
1+I(m=c)w
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of one process is independent of the other i.e.

qut+1 = )\:nt(yh Qh Z))‘Z‘t(yta Qta Z)Az;ik(yh Qt> Zl) (43)

This would amount to an assumption that, conditional on optimised effort, the
probability of one event does not affect the other. This would be reasonable if
Z and Z are fully specified. Alternatively, we could assume that one of the two
transition probabilities is realised before the other, so that the effort undertaken
with respect to the second is conditional on the outcome of the first. So for
example, if marital status is determined first, the optimal effort with respect to
changing work state will be conditional on an outcome of the transition probability
of the marital state. In this case

Q4 = Afm(?/: Q, Z))‘Zkt(:% Y, Z | mt+1)AZZ‘(y, €, Z |mt+1) (44)

where m;. 1 is the outcome of the marital process after undertaking effort. Finally,
we could allow a model where the two transition processes are simultaneous, and
qq;,,, 1 the joint probability of the outcome of changing different components of
Q.

The model outlined here does not require that any particular one of these
assumptions holds; each one will raise econometric issues and questions. The key
point is that go; depends on optimal effort with respect to each of the processes.
Note also that the ¢ transition probabilities represent movement between com-
binations of the component states. It is these ’component’ transitions that are
the true underlying economic processes. This is why we focus on them as the
economic decision variables.

4.4. Household income distribution

An individual currently characterised by €2; may move into one of 6 possible states
next period, 2,11 In each of these states there is a household income distribution;
in overall state j it is ¢(Ji; Z,Qjs11, Z ). Given these and the set of transition
probabilities, qq,,,,, we can derive the distribution of next period’s household
income:

g(gH-l; Yt, Z, Zlu Qt) :ZQth+1(yt7Qt7Z7 Z’) ¢(§t+1;th+17 Z, ZI) (45)
J

That is, the income distribution for the individual in the next period is the income
distribution in overall state j (¢(Ys11; i1, Z, Z')) weighted by the probability
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of transition to that state (qq,,,, (yi, %, Z, Z')), summed over all states j. This
mixture distribution depends on the current overall state, and personal character-
istics including current income. g(y) is a legitimate mixture distribution provided
the gq; do not depend on the actual realisations of ¢(.). In choosing optimal effort
to put into job search or partner search the individual will take expectations over
the wage offer or the expected income of a partner, but will not know the realised
wage or income at the time she makes her choice of effort. Finally, we need to
evaluate the expected income distribution for a single person becoming a couple.
That is, some assumption has to be made about the Z vector of the potential
partner. We assume that individuals use an average value of Z conditional on
their own circumstances.

4.5. Poverty transitions

We illustrate this approach by focussing on household income dynamics across
the poverty line.

4.5.1. One Period Transitions

From (4.5) we can define the probability of being poor and derive a number of
poverty transitions. Let ¢ be the poverty threshold for an equivalent adult. If
(4.5) is continuous, the probability of the individual being poor is

w207, 0 = [ 9l v 2, 7 0 d (4.6
and if (4.5) is discrete the probability is
S 9@erts v, Z, Z', ) forall g, < g (4.7)
Alternatively we can write (4.6) as:
m(ye, Z, Z, Q) = ZQQjm(ytaQuZ Zl) mi( Z, Zl) (4.8)
J
where:

/ Y - N
m( Z, Z') :/0 (Y15 Qjegr, Z, Z)dy (4.9)

For one individual, 7 is the probability of being poor next period conditional
on current income, current state and characteristics. If that person currently has
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an income above the poverty line, this probability is the inflow probability. If their
current income is below the poverty line, it is one minus the outflow probability.
This is appropriate: an individual is currently either poor or not, so only one
transition rate can be defined at any one date.

For groups of individuals, we can define inflow and outflow rates. That is, for
a group defined by a common (Z, Z', ;) but varying in income we can integrate
over their distribution of current realised income, v(y), to derive poverty inflow
and outflow rates'®. For a group sharing the same (Z, Z’,€);), i.e. a set of personal
characteristics and a current state, but varying with respect to current income,
the inflow rate is:

i(2.2.20) = [ nly. 2, Z, Q) 1)y (410)
Y

Similarly, the outflow rate is:

2l2,7,90 = "=l 2, 7, 2] 1)y (411

For example, the poverty outflow rate among single mothers, or the inflow rate
of a particular age group can be derived given the 7(y;, Z, Z', ;) function.

Clearly, given this individual and (Z, 7, ;)-group level information, we can
aggregate up to more diverse groupings of people. For example, the poverty flows
of people defined by a particular Z set are:

222, 2) =Y wip w2, 7, ) (4.12)
Qjy

izd(Z,2)) =" wi il 2,2, Q) (4.13)
Q¢

and the outflow and inflow rates of individuals currently in overall state €); are

zau(y) = / 22,7 ) d¥(Z, 7)) (4.14)

i () = / (2,7 .Q) d¥(Z,7) (4.15)

16Clearly, in a stationary equilibrium, g(7) and ~y(y) will be related. But in this paper we are
not concerned with the properties of such a stationary equilibrium. Rather, we focus on the
one-step poverty transitions (and below 7-step transitions) conditional on current realisations
of the stochastic components.
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where wj; is the weight on the j’th component of  and ¥(Z, Z')'7 is the joint
distribution of Z and Z'. Equations 4.12 and 4.13 address questions such as the
level of poverty flows among 25-30 year old female high-school graduates. Equa-
tions 4.14 and 4.15 might concern flows among all employed single individuals,
for example.

4.5.2. Many-Period Transition Probabilities

We can use this approach to evaluate poverty probabilities and transitions further
ahead than one year. The question is: for an individual currently defined by
(y;, Z, Z', Q), what is the probability that she is in poverty in 7 periods time?
Define 77 (y;, Z, Z',€;) as the probability that an individual currently described
by the set (y;, Z, Z',€) is in poverty in 7 periods’ time. This is given by:

e Zo Z' )= o, Y, 2. Z) 75 (2, Z', ) (4.16)
J

where ﬂ-jT( Z, Zl7 Qt) = f(? ¢(gt+T;th+T7 Z, Zl)dg and Qb(gt—&-T; th+77 Z, Zl)
is the distribution of income for the individual in state €2, in period t + 7.
The qq,,,, are the 7-step transition probabilities: the probability of ending up
in each state j, conditional on an origin state. These result from the product
of the one-step transition probabilities 7 times. Let ¢(£21;) be the row vector of
transition probabilities for an individual currently (¢) in overall state 1; i.e.. the
probabilities of moving from the state 2;; to all possible states in the following
period. There are j such row vectors. Let

‘J(Qlt)
‘J(Qm)
Qt) = : (4.17)
i (J(th) i
Then B
4ir = 420pr 1:[ Qt+ s) (4.18)

Different transition probabilities at different ages and duration dependence
mean that Q(s) # Q(r),r # s. The dependence of g on y, Z and Z  is suppressed
in 4.18, but remains.

"These are both empirical distributions of the current realised values.
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Along the same lines as the 1-step flow rates, from 4.16 we can compute the
T-step inflow and outflow rates:

Y

HA RN / 7y Z 7', Q) v(y)dy (4.19)

572,200 = [N=7"tw, 7, 7, 2] 1)y (4.20)

Given these T-period flows, equations analogous to 4.12, 4.13, 4.14 and 4.15
can easily be produced.

4.6. Adding Children

The framework set out above includes two processes; clearly, there is no conceptual
problem about adding more. One additional process that is important is fertility.
Studies have shown links between poverty and the number and age of children.
We do not include this process in the framework as set out above, as adding
another process adds no further insight. But fertility can be straightforwardly
accommodated. We can expand the state space to include changes in the stock
of children, and Z can be updated to include beginning-of-period stock. The
definition of equivalised household income would also need to be amended to
include the number of weighted children in the denominator.

4.7. Advantages of this Approach

We have set out a framework for modelling household income dynamics. Tran-
sition rates between states combine with a distribution of household income in
each overall state to define a mixture distribution for income in the following
period. From this we can derive household income transition probabilities; we
illustrated this with poverty transitions. The key features of this framework are
its dynamic approach and the central role played by household formation and
dissolution. This appears to be an essential ingredient of an understanding of
household income transitions. Furthermore, we have argued that the transition
probabilities are endogenous. The framework allows us to incorporate a model of
individual behaviour in which individuals make decisions on the basis of utility
maximisation to influence these transition rates.

The assumption of endogeneity of transition rates moves attention away from
actual realisations of events to the underlying causal relationships which deter-
mine these realisations. The endogeneity of the transition processes also means
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that they must be inter-related: individuals choose the optimal investment in each
process, and this will in general depend on the outcome or expected value of the
other process'®. The framework does not require a particular model of individual
behaviour.

It is important to allow for the effects of serial correlation (persistence) and
heterogeneity on poverty status. Our framework includes a variety of intertem-
poral linkages which, coupled with the optimal choice of investments, provide a
set of mechanisms which allow persistence. The intertemporal linkages are state-
dependent transition probabilities, interdependencies between the processes, and
possible serial correlation in the earnings distribution!®. The framework also per-
mits individual heterogeneity in a number of different dimensions: mean earn-
ings, volatility of earnings, work transitions, household transitions, fertility, likely
characteristics of a partner, and the key behavioural parameters of these different
processes.

The uses and advantages of this framework are as follows. Firstly, and trivially,
it presents expressions for the probability of an individual being poor, and for the
inflow and outflow rates of groups of individuals. It therefore provides a way of
interpreting the dependence of these variables on personal or group characteristics:
i.e. as affecting earnings in states or transitions between states. This can be done
both for 1 period transitions and 7-period transitions.

Secondly, it can be used to examine the effects of a shock on subsequent poverty
status. For example, a single individual loses her job, and this pushes her into
poverty. What is the expected ’'recovery’ time i.e. time to exit poverty? How
does that depend on the initial state and the nature of the shock? The framework
allows us to distinguish and estimate the likelihood of a number of different paths
back to non-poverty. First, the labour market process may switch the individual
back to being employed; second, the other process (household formation) may
effect a transition, and finally earnings may improve in the current state. The
crucial point is that the model endogenises these transitions and so allows us to
analyse the individual’s best response to the shock and the consequent impact of
the optimal investments on transitions. It may be that the optimal response to an
adverse realisation of a process is in fact to invest in securing a transition on the

BNote that the framework outlined in this section could be developed with a qo which is
not derived from the underlying marital and labour market transitions A,,. This would be a
reduced form version of the framework outlined here, so there would be a less clear behavioural
interpretation of the g

9The last of these was not mentioned in the discussion above, but can be easily introduced
in f(¢;.) via a dependence on e;_1.
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other process. For example, consider two individuals with the same employment
status and same income at time ¢ who have different ability to earn in the future.
Let individual A’s ability to earn be higher than individual B’s. Then the optimal
response for A may be to invest in finding another job, while B’s optimal response
may to invest in finding a partner. The two actions may lead to different time
paths to exit poverty. The framework outlined here can help understand and
explain these transitions, not simply describe patterns in the data.

Our framework allows us to address both the poverty transition rates of in-
dividuals who are in a particular state and of all individuals. From (4.19) and
(4.20) it is clear that the transition rates depend on the current overall state:
that is, the probability of being poor at t + 7 conditional on being poor today
(1 —x](Z,Z',%%)), depends on the current value of ;. This makes sense: given
state dependent transition rates, the current state is a necessary piece of infor-
mation. Clearly, this allows the persistence of poverty to differ depending on the
current state (and of course across different groups defined by Z). Our framework
can also address the unconditional question posed by Lillard and Willis by inte-
grating over the distribution of current states or current Z value. So we can use
(4.12) and (4.13) to answer questions such as "What proportion of young white
high-school graduates who are poor now will still be poor in 7 periods time?’
(race and education being components of Z). We can use (4.14) and (4.15) to
answer questions such as ”What proportion of persons who are currently married
and employed will become poor over the next 7 periods?’ (as marital and work
status define the current €2). As noted, the persistence and incidence of poverty
can vary across all these groups. This framework allows us to disentangle why.

It is also useful to drop the focus on states, and to examine instead the un-
derlying behaviour of the individual. The investments to influence the transition
rates between different underlying states are the central behavioural variables in
the framework. The trade-off between investing in one process or another deter-
mines the path that individuals will take into or out of poverty. This suggests
that the parameters of the transition rates are a central (empirical) issue for in-
vestigation. Armed with estimates of these parameters, a number of empirical
exercises are possible. The effects of changing an initial Z on poverty profiles can
be computed; standard decompositions of differences in poverty between groups
into differences in parameters and variables can be undertaken. Given the likely
inter-relationships between the transitions and state-dependency, it is also inter-
esting to isolate the key behavioural parameters; for example, changes in which
transition/earnings parameters have the largest impact on simulated poverty pro-
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files?

5. Behavioural Model

In this section we sketch a behavioural model. The two components of the ap-
proach set out above are the transitions between demographic and labour market
states, and the generation of earnings. We begin our analysis once individuals
having finished their education, when the human capital decision has been imple-
mented. Under the human capital approach to earnings, once the level of schooling
is determined, expected earnings for an individual are largely set by that choice,
age and other exogenous factors. Therefore, the decisions agents make concern
their investments to change state.

5.1. Optimising Transition Rates

There are a set of transition processes that an individual is subject to. Each
of these processes has a number of states. The processes we focus on are mar-
riage/divorce (m), fertility (k) and employment(l). Consequently €2 (the overall
state) is defined as being a particular marital state, employment state and the
number of children. We assume that the realised outcome of each process is not
exogenous to the individual. Moving between the outcomes of each process is
partly under the control of the individual, but is also partly stochastic. We think
of the individual making investments (of time and/or money), denoted o, to in-
fluence the probability of movement, but cannot force the probability to unity or
zero. The amount of this investment or effort she will undertake is derived from a
model of utility optimisation. The individual will undertake effort to remain for
another period in a given marital or labour market state if the expected benefits
from staying in the state are positive. Conversely, if the expected benefit from
moving is greater than the expected benefit from staying one more period the
individual will undertake effort to move. Note that it is investment, not location
itself that is optimised, and so the individual will not necessarily always be in her
preferred state.

There may be significant transactions costs in changing state. That is, the
current state that the individual occupies may influence the probability of chang-
ing state, whatever the level of investment made. For example, it may be harder
to move from being single to married, than from married to married. This means
that the chance of moving at any particular date depends on previous actual reali-
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sations of the process, and not just the desired state. Knowing an agent’s location
at t — 1 is informative about the likely location at ¢, over and above information
characterising the individual’s optimal location. This is true even if we assume
that individuals are completely forward-looking. While agents will have forward
looking plans about which states they want to end up in and invest accordingly
in an optimal '’pathway’, they may still be unlucky on the way and hence the
probability of being in a particular state in the next period will still depend on
where they are currently.

We can briefly formalise this. Let the probability of transiting from the un-
married state to being married be \,,. This discussion indicates this will take the
form:

Am = A (O, 2, Z)

where o, is the investment in getting married, €2 is the current overall state
and Z is a set of exogenous variables. The inclusion of Z indicates that some
exogenous characteristics may also influence transition probabilities (age, for ex-
ample). Similarly, let A\; be the probability of adding a child, and let A; be the
transition rate into employment. We make the following assumptions about the
impact of investments, o,,. First, we assume the individual undertakes separate
effort to affect her transitions in the different processes; that is, o, only affects
Am- Second, we assume that effort at ¢ changes the probability of leaving the state
at the end of time ¢, but does not affect transition probabilities from period ¢+ 1
onwards. However, while effort today does not affect the probability of transition
tomorrow, the state the individual is in tomorrow (the beginning of ¢ + 1) will
affect future transitions probabilities.

The individual’s utility depends on her state and her consumption; the latter
in turn is simply income minus investments®’:

U(y—ZU,Q,Z)

Note that the inclusion of 2 means that utility depends on whether the in-
dividual is working or not (and so implicitly on the value of leisure), whether
the individual is married or not, and the presence of children. Individual income

20We ignore saving and borrowing in this exposition. This will be important for some issues
in household income dynamics, but probably not for households in the bottom tail of the income
distribution. One thing this means is that we do not allow individuals to borrow to use their
wealth to influence their transition probabilities now.
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is derived from earnings if the individual is working; the level of earnings is a
draw from the earnings distribution introduced above, f(e; Z,2), realised after
the state transition processes?!. Income if not working is derived from benefit
sources, and may depend on family structure ie. on ).

5.2. Two Period Example

The main insight from this set-up can be illustrated in a simple two period context.
An individual starts from a particular state at time 0, say £2;0, and she has a given
income level, yy. She then chooses o,,, 0x,and o; to maximise:

U(yO - Zaa QiOa Z) + 6Z(JQj1(y0>0ma Ok, 01, QiO? Z)EU(y17 ij Z) (51)
J

where FE is the expectations operator and expectations are taken over the
earnings distribution, and ¢ is a discount factor.
The solution to this will be of the form:

or =040, Z,90) a=m,k,l (5.2)

implying transition rates:

Ao = Xa(Q50, Z,y0) a=m, k.l (5.3)

Thus agents’ optimal transition investments will depend on their current sit-
uation in terms of their state, income and stock of children, and their personal
characteristics. These factors are then also the determinants of the transition
rates between states.

These general points remain in an infinite horizon model. In this case optimal
transition efforts at date ¢ will depend on the anticipated future stream of incomes
and utilities in states, and the future probabilities of changing state. But these
depend on future €2, which is endogenous, future Z, and future parameters of the
Am(0m, 2, Z) and f(e; Z,Q) functions. The last of these are common parameters

2IThe setup can be thought of as standard search theory. Ex ante, the probability of making
a transition depends on the chance of receving an ’offer’ times the chance of accepting it. The
individual’s impact on this process is the choice of search intensity (investment) and reservation
level. In reduced form, the individual’s situation will simply influence the transition probability.
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facing all agents??, and so will cancel out of empirical work based on different
outcomes between agents. Of the variables in Z, some are time-invariant (gender
or race); others may vary but can only be predicted on the basis of known current
(and historical) values of Z. Thus we will again derive general forms as given in
5.2 and 5.3, though some of the parameters will now have to be interpreted as
measuring the present and expected future effect of the variables.

This implies that transitions between outcomes of the processes will depend
upon the state of all the processes and exogenous variables. The earnings distri-
bution will depend on the same factors.

5.3. Detailed Specification for Estimation

We use the general framework just described to determine what factors to use in
our empirical estimation.

Economic models of marriage and divorce have highlighted that individuals
choose between being married or single on the basis of utility in each state. This
utility will be a function of the resources available within and outside a match,
as well as the non-monetary attributes of the partner. Bargaining models have
emphasised that the gain from a match depends on the outside options; search
theory as applied to marriage has emphasised the effect of the quality of the
searcher on the quality of the final match and the speed of transition into marriage
(see Becker[6]; Burdett and Coles[10]). Therefore, in the transition into marriage
equation, we take into account age, years of completed education, lagged earn-
ings, lagged employment status, the presence of children, health status, family
(parental) income, and variables that proxy a taste for marriage (mother’s and
father’s education, whether the respondent lived with both parents at age 14, and
whether the respondent had a religious upbringing). In the divorce equation, we
drop parental income and the other background variables, but include marriage
duration, a richer specification of children (and interactions between these), and
also the partner’s earnings, and the generosity of state AFDC payments as a
measure of outside income.

There are two distinct literatures modelling fertility (see Montgomery and
Trussell [40]). One is based on demography and emphasises the age profile of
fertility. The other takes a more explicit economic approach, typically the home

22This has to be true at some level; even if, say, the relationship between marriage probability
and age differs between men and women, this parameter can be written as the product of a
common parameter and a gender dummy: ie. a common parameter and a z variable.
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production approach (see Gronau[26], Becker[5]), and focuses on the time and
money inputs into subsequent child care (see Browning[9]). One conclusion from
this literature is that the effect of income variables on fertility is not straight-
forward. Care for children can be provided by the parents or bought in; to the
extent that the former is at least partially chosen, the price of parental time is
relevant to the fertility decision. Furthermore, if the main provider of parental
time is going to be the mother, then it is particularly the value of her time that is
relevant: we might expect to see high wage women delaying or foregoing having
children. The income effect incorporates both the quantity of children desired,
but also what has become known as child ‘quality’: individuals may choose to
have a few children and invest a lot in them. Economic theory suggests that the
relationship between fertility and labour supply is a close one, these two decisions
being jointly taken in any dynamic model of household production setting. On the
other hand, as noted above, an individual’s present state may not always reflect
her plans and choices, and so there is an argument that labour supply and fertility
may have some causal linkages. Separately identifying these links is difficult (see
Browning[9], and for a recent attempt Angrist and Evans[l]), but in line with
our approach of looking at state transitions, we include the lagged employment
state as an explanatory factor in the fertility equation. We also model fertility
and participation as joint processes. So in our model, fertility depends on age,
the wage rate®® of the respondent and the wage rate of her partner, the number
of children already born to the woman, lagged employment and marital status
(including duration of marriage), health status, a measure of local labour mar-
ket opportunity (the state unemployment rate), measure of the generosity of the
state AFDC rate, and a set of background variables reflecting tastes (the number
of siblings the respondent has, whether the respondent subscribes to traditional
views on gender roles, and whether the respondent had a religious upbringing).
Labour supply is one of the most intensively modelled behaviours in labour
economics (for recent surveys see Blundell[8] and Card[13]). The variables influ-
encing the decision to work in the labour market are those affecting the value of
home time relative to market time: parent-provided child care, and the market
wage. The individual makes her participation decision taking into account the
potentially joint decision of her partner, thus her labour supply may depend on

23Since non-working women are at risk of child-birth, and also because of simultaneity issues,
we use a fitted wage rate for all women. This derives from a regression of the hourly wage rate
on schooling, age, race, local unemployment, selection correction and state and time dummies.
This applies to the male wage rate too.
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the wage rate of her partner, as well as her own. We take a reduced form ap-
proach and use the wage determinants in the participation equation, where wages
are a function of age and education of the individual and her spouse, if present.
We follow the standard practice in the estimation of participation equations and
include the following variables: completed education, age, marital status and the
earning capacity of the partner as proxied by their age and completed education,
the number of children, local unemployment and AFDC rate, and health status
(plus year and state dummies).

For earnings, we adopt the standard human capital approach (Mincer [39],
Willis [47]). So earnings are modelled as depending on years of education, age,
health status, the local unemployment rate and year and state dummies. Since
we are using annual earnings (see below) there will be variation in hours worked
amongst those coded as working. Thus we include the partner’s fitted wage
rate and the lagged number of children. We choose not to condition on a set
of variables that others have used in earnings regressions, including job tenure
and union status. This is because when we come to model household income
dynamics we need to treat included variables as time-invariant, or model them
as time-varying. We have also excluded dynamics from the earnings model, not
because it is unimportant (see Lillard and Willis[35], Lillard and Weiss[33], and
also Atkinson, Bourguignon and Morrisson[3]), but because the emphasis in this
paper is on the interplay of demographic change and earnings differences.

6. An Empirical Implementation using the NLSY

In this and the following two sections we report the results of implementing this
framework using data from the National Longitudinal Survey of Youth (NLSY).
While the approach set out above is a general one, we choose to illustrate it by
focussing on the poverty experiences of women. We use the framework to investi-
gate some of the factors underlying the differences in poverty rates between black
and white women, going beyond documenting differences in household formation
and employment?*.

We begin in this section with a description of the data, poverty rates and their
correlates.

24 All the empirical work in this project was carried out using Stata 5.
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6.1. NLSY

The NLSY is a panel dataset running from 1979%°, containing data on 12686 peo-
ple aged 14 - 22 in 1979. One significant feature of the data is the effort put into
tracking respondents, and consequently attrition from the sample is minimal: in
1990, 90% were still interviewed. The NLSY consists of three samples: a represen-
tative sample of youth (6111 people), a supplemental sample of young Hispanics,
blacks and disadvantaged non-Hispanic/non-black (5295), and a military sample
representing youth serving in the armed forces in 1978 (1280). The NLSY supplies
weights to account for the over-sampling of some groups, and to produce represen-
tative group population estimates in tabulations. These weights are time-varying
to compensate for differential non-interview?®. The NLSY provides a great deal
of data on family background and the early experiences of respondents, as well as
subsequent labour market outcomes and household structure.

Despite the relatively low sample attrition rate, data on income is still missing
for some respondents, a common problem in panel data. The income data needed
some cleaning, which we carried out largely following the suggestions of Cole and
Currie [16]. The income data in the 1979 survey year refer to income earned in
the previous calendar year, so our sample of 1979-1992 is reduced to 1979-1991.

6.2. Poverty in the NLSY

Using this data, we find an overall poverty rate of just under 13 percent for the
pooled N*T sample; this therefore includes people aged between 14 and 36. But
this overall rate masks considerable cross-individual variation. For comparison,
Table 1 presents aggregate poverty rates in 1995 from Census reports, and confirms
the well-known differences between racial/ethnic groups and family types. Panel B
of the Table shows that these features are replicated in the NLSY, and also shows
a declining age profile in poverty rates and a sharp educational profile. Panel
C of the table reports some results exploiting the panel nature of the NLSY. It
shows, that for this age group at least, poverty spells are short on average, though
the distribution is very skewed. Two out of five young Americans experienced at
least one year in poverty. So 60 percent of the sample are never in poverty. Of

25In this paper we use data through 1992.

26This produces small changes for most respondents, but some dramatic variations for some.
Examining the time series variation in the weights by individual, the median value of the ratio
of the standard deviation over the mean is 5.5%, but the third quartile is 43% and the 90th
percentile is 143%.
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those who are in poverty most experience just one or at most two years in which
they were poor. One half of these years occurred between the ages of 18 and
22, a time at which individuals leave home, go to college, form new households
and have children. But for a minority poverty is a frequent and/or long lasting
event. Of those who are poor at least once, the average number of years out of
the 13 for which we see them for which they are in poverty is 4. Of those who are
poor at 18, at least 30 percent will experience another spell in poverty. For those
poor once, falling back into poverty once they have got out is not uncommon.
Being uneducated, female and black all increase the chances of being poor once,
and once poor, of being poor again (further details can be found in Burgess and
Propper[12]).

The focus of our approach is to consider movement between states and poverty
within states. In Figure 1 we present the raw data on the distribution of black and
white women across 16 mutually exclusive states, by age, and poverty rates for
the two groups by state and age. The states are defined by the triple: {m,k,(}:
where m is whether in a partnership or not (N or Y in the Figure), k is number
of children (0, 1, 2, 3+ in the Figure) and [ is whether participating in the labour
force or not (N or Y). The Figure shows the complexity of the issue: aggregate
poverty changes as people move between 'good’ and ’'bad’ states, and as poverty
rates change within states (the latter occurs for two reasons: as things change
for fixed individuals in a state and as the composition of individuals in a state
changes). The figure reveals some interesting patterns. For example in panel (a),
with the exception of the single/no kids/working state (NOY), the movement in the
unmarried states is mostly vertical, whereas the movement in the married states is
more horizontal. That is, the probability of being in the unmarried states changes
more among black women with age than it does among white women; the opposite
is the case in the married states. Similarly in panel (b), some states are always
bad for anyone (N3+N); in others, average poverty rates change at different rates
for the two groups - for example, the average poverty rate in married/2 kids/not
working falls for white women over time, but not for black women.

6.3. Data Selection for Estimation

We make a number of overall data selection decisions, and then construct datasets
to estimate the different behavioural relationships. First, here we focus on women
(though we have also estimated the behavioural models for men). Second, we re-
strict our attention to blacks and whites and drop the observations on Hispanics.
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Previous work has found considerable differences in marital and fertility behaviour
between ethnic and racial groups, and we wanted to allow for that in our esti-
mation by estimating separate response equations for the different groups. In
view of this, the sample size for some of the models was insufficient for Hispanic
women. Third, we drop observations from the military subsample, and indeed
observations from other samples while they were employed in the military. Since
we are focussing on individuals who make their own decisions about employment,
marriage and fertility, we include individuals in estimation from age 19. This
means that we miss various sub-populations such as young teenage mothers (see
Lundberg and Plotnick [36]). We also delete observations from our data while
individuals are enrolled in college. So individuals in the dataset who finish college
contribute to our estimation from age 22 onwards?”.

From this data we create datasets for estimating each process. We use some
observations to estimate, say, the earnings function, even though they may have
missing values for a variable that therefore excludes them from estimation of the
fertility process. For the marriage process, we estimate separately the conditional
probability of becoming married (ie. conditional on being single), and the condi-
tional probability of becoming single, which necessitates the construction of two
separate datasets containing the ’at-risk’ populations for each process.

Overall, our dataset contains 50,681 (N*T) annual observations, 15,087 for
black women and 35594 for white women. These derive from 1427 black women
and 3320 white women, yielding on average 10.6 and 10.7 years per person re-
spectively. Sample sizes for estimation are given in the relevant tables below.

6.4. Estimation of Behavioural Equations
We first set out an ideal model, and then discuss the econometric issues leading
us to the specification we estimate.

6.4.1. A General Model

For these samples we estimate transition equations and an earnings function.
The transition equations are: labour market participation (process p), a fertility
equation (process b), and two conditional marriage equations (process m). The
fertility equation models the probability of a woman giving birth in a particular

2"We also drop a few observations with completed years of schooling below 8, and some with
implied earnings per hour above $70 or below $0.5.
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year, and the marriage equations model the chance of becoming married or staying
married. The earnings function, assumed to be conditional on the current state
(2, is only observed for those reporting some work during the year.

Denote the outcomes of each of the processes d;s, and earnings, e, where
the notation is individual (i), calendar time (¢), and process (s). We think of
individual ¢ at time ¢ as characterised by observable time-invariant features, W},
unobservable time-invariant features, pu;, observable time-varying features, X,
and current outcomes of the processes: di; 1,€-1,€;7 1 , where dj; 1 is the
vector (digm, dip, dip). Let Zy = (Wi, Xup).

We set the transition equations up in discrete time because this allows us to
discuss correlation amongst the processes in a relatively straightforward way, and
some of the data lends itself more naturally to a discrete interpretation. For each
process

dits - 1 lf d*

its

>0

0 otherwise

and
&y = 375+ 8%€ipm1 + 87 + A0 diys + il + €5 (6.1)

where 3%, 6° and ¥* are coefficient vectors. The superscript s indicates a poten-
tially different selection of Z variables for each process and a different coefficient
vector. Spouse’s earnings can only matter for those in partnerships.

Earnings only accrue to the employed, ie. for those with d;;, = 1. So earnings
are determined by:

Cir = OéZZ-et + ,uf + Vit if ditp =1 (62)
0 otherwise (6.3)

where e;; is earnings, Zf, is a subset of Z variables, yf is a time-invariant
individual effect and v;; is a time-varying error term.
6.4.2. Main Econometric Issues

The main issue is the error correlation structure in a panel context with individual
effects. The correlation of the unobservable elements in the transition processes
determines whether we can treat the processes as conditionally independent or not.
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Recalling that the behavioural model involved the simultaneous determination of
investment in these transition processes, we would in general expect the individual
effects in all these equations to be correlated amongst themselves®®. We would also
like to allow the idiosyncratic errors to be correlated across processes. Allowing
for such a general correlation structure appears to be at or beyond the bounds
of current feasible econometric practice. Other issues include the treatment of
persistence in the earnings equation, and selection issues in a panel context?®.
Given that econometric innovation is not the main aim of this paper, we have
adopted a simpler approach.

The main decision is whether to exploit the panel structure of the dataset
or to pool to create an N*T sample. Obviously, there are advantages to panel
data, though these are not necessarily overwhelming. The key issue is dealing
with different sources of correlation. The model has three dimensions: individual,
time, process, and the main potential sources of correlation are (a) across time
within id and process (ie. the individual effects: the correlation of (uf + £5,) and
(s +¢3.,,)) and (b) across process within id and time (the correlation of (uf +¢%;)
and (pf + €.,)). We could ignore (b) and estimate fixed effect discrete choice
models; or we could ignore (a) and estimate multi-variate discrete choice models.
Both of these have advantages and disadvantages®, but the approach we took
was to let the data influence the choice.

We tested for correlation among the different transitions processes. Pairwise
LM tests suggested that the marriage/divorce process was not very strongly cor-
related with the participation and fertility processes, conditional on the included
variables. However, strong correlation was apparent between the participation (p)
and fertility (b) processes. In the setting of a pair of univariate probits, this is
correlation between (pf + b)) and (u? + %), that is, arising either from correla-

28Given that these are fixed effects, the correlation here refers to an ex post correlation between
the estimated fixed effects, not a parameterised correlation among random effects.

29For example, Lillard and Willis [35] included a simple AR process in their panel estimate of
earnings, but did not worry about sample selection correction. Chowdhury and Nickell [15] also
have serial correlation but do not allow for sample selection. Keane, Moffitt and Runkle [30] do
the reverse.

30Estimation of logit or probit models on panel data brings a number of benefits, but also
brings technical estimation problems. These are discussed in Chamberlain [14], Heckman [27]
and Hsiao[28]. The presence of lagged dependent variables is problematic in short panels
(Nickell[41]). Estimating a bivariate probit on a pairs of equations is feasible. Such work is
discussed in Maddala[37]. Estimation of multivariate models in a panel data context with unob-
served individual effects is very rare. Some examples include van den Berg, Lindeboom, Ridder
(no date), and Lindeboom and Kerkhofs (1995).
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tion of the fixed effects, p, or from the within-period errors, €, or both. In an
attempt to distinguish between these cases, we ran a number of tests including
bivariate probits with and without pseudo-fixed effects®! and unconditional fixed
effect logits, correlating the estimated fixed effects of the two processes. The re-
sults of these tend to suggest that the correlation of the individual effects across
the two processes did not account for much of the overall correlation between the
processes®2. We therefore chose to estimate a bivariate model for participation
and fertility, and separate models for marriage and separation, and we ignore
correlation across time, that is, we do not estimate individual fixed effects.

It is clear from the nature of the behavioural model set out above and the
empirical structure that the individual’s lagged state is potentially important.
From a theoretical perspective, the role of the lagged state is clear. Recall that it
is investment, not location itself that is optimised, and so the individual will not
necessarily always be in her preferred state. So the lagged state matters in a way
that it might not if the individual were able to completely determine her location.
However, if, empirically, the current state does affect the chance of moving, it
may be proxying omitted individual effects, i.e. the individual wanted to be in a
particular state because of these unobserved factors, and still does, so the impact
of these excluded factors is picked up by the previous choice. On the other hand, if
individuals cannot by themselves completely determine their location, just using
their characteristics is not an accurate measure of their chance of moving. For
example, some individuals may really want to move from single to married, but be
unlucky and not do so; if the chance of being married at ¢t + 1 depends on whether
married at ¢, then lagged marital state is a legitimate explanatory variable. From
an empirical perspective, we face the problem of distinguishing state dependence
from unobserved heterogeneity.

Turning to the earnings function, the main issue is the link with the transi-
tion processes and our desire to estimate coefficients on time-invariant variables.
Clearly, an earnings equation is only relevant for states where individuals are
working, but working individuals may be in either marital state, and have any
number of children. Rather than simply include dummy variables for these states

31That is, time-invariant variables constructed individual-by-individual, summarising their
”lifetime” labour supply and fertility histories.

32The estimated correlation between the two processes is -0.224 for black women and -0.293 for
white. If we include lifetime measures of activity, these only fall to -0.158 and -0.229 respectively.
Conversely, if we estimate individual fixed effects separately for the two processes, the correlation
between them is 0.102 (black women) and -0.03 (white). Simple cross-tabs of the data back up
this view.
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we chose to model separate earnings equations for different states. Since we are
modelling earnings of people found in particular states, we need to include se-
lection correction terms. While there is work on selection correction in panels
(e.g. Keane, Moffitt and Runkle[30]), the added complexity involved here from
the multiple selection criteria makes this problematic. We therefore do not include
fixed effects in the earnings estimation.

To implement this approach, we use the Lee[31] 2-step model for multiple
states. The states we define are A: not working (this is the base case for the
multinomial logit, no earnings function is estimated); B: working, not married,
no children; C: working, not married, some children; D: working, married, no
children; E: working, married, some children. We first estimate a multinomial
logit model for being in these states, and compute the predicted probabilities for
observation ¢ deriving from these equations as F;;, j = B,C, D, E:

_ exp(BX)
1+ 32, exp(3;X7")

and then incorporate the correction factors?3.

Pz'j ’ .] = Ba C,D,E (64)

6.4.3. Empirical Definition of the Dependent Variables

We first consider the marriage and divorce processes. The variable we use covers
both formal marriage and also cohabitation®*; *divorce’ includes both formal di-
vorce and separation®®. The NLSY allows very accurate dating of marriage and
divorce, but cohabitation is only reported on an annual basis. For our sample, in
32.9% of the N*T observations for black women the respondent is married, and
56.6% for white women. By the end of the sample, when the women were on
average 31, 35.4% of black women and 12.6% of white women had never formed a
partnership (marriage or cohabitation); the age profile of marriage rates is shown
in Figure 2.

We model conditional marriage rates: that is, the probability of becoming
married, and separately the probability of ceasing to be married. The annual
probability of becoming married is around 9.9% for black women and 19.6% for

33These are formed as \;; = f(H;j)/F(H;j), where f(.) and F(.) are respectively the normal
density and distribution functions, and H,;; = F~!(P;;).

34There is a specific question on this in the NLSY.

35Many individuals separate prior to a divorce.

36



white women, while the annual probability of remaining married is 84.9% and
87.7% respectively.

For fertility, the process we model is the probability of adding a child to the
household. The dependent variable equals 1 if the respondent had a child in
that year. The NLSY offers two potential data sources for children: a woman’s
fertility record including the birth dates of her children, and the household record,
counting the respondent’s own children in the household. We use the former as it
allows more accurate dating of the birth event. These two sources differ somewhat
as a person’s natural children may no longer live in their household, and there
may be children in the household born to other mothers.

Of our sample of 50681 with non-missing household records, 44% of the obser-
vations have no children in the household, 24% have 1, 20% have 2, and 12% have
3 or more. By the end of the window of observation, most women have at least
one child, 70% of black women and 66% of white women having had at least one
birth. The mean of our dependent variable, having a birth in a particular year, is
12.1% for black women and 10.5% for whites, the annual rates by marital status
being 9.9% unmarried and 16.5% married for black women, and 3.4% and 16.1%
for white women. The age profile of the birth event data are shown in Figure 3
and reveal rather different patterns for the two groups. This is reflected in the
mean age at first birth of 22.7 for black women and 24.2 for white women.

Turning to participation, the first issue is the choice of the dependent variable.
The NLSY gives data on weeks worked per year, hours worked per year, and
whether the respondent worked just before the survey week. Given that we want
a single binary variable, we chose one that cut the data in the way most relevant
to poverty transitions. In our sample 19% of woman-year observations worked no
weeks per year, 41% worked 52 weeks per year and the remainder worked some
weeks. Of the women ever having a year with no weeks worked, on average they
spent about half their time in that state; similarly, of those ever working all year,
the spent about 60% of their time in that state. The state of working some weeks
per year (as opposed to all weeks) appears to be a more transient state with a
41% chance of leaving per year. Turning to hours, of those working all year, only
7% worked fewer than 25 hours per week; and only 18% of part-year workers
worked less than 25 hours. These numbers, plus the work of Blank [7] showing
that part-time work is not usually a ‘stepping-stone’ state, suggests we should
focus more on the weeks worked than the hours worked dimension. Given these
facts, we chose to define our participation measure as doing any working at all:
the variable is zero if the woman did no paid work in the year, and one otherwise.
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Our mean participation rates are 75% of the N*T data for black women and 83%
for white women. The age profiles are shown in Figure 4.

Finally the earnings function. We model earnings rather than earnings per
hour as the latter would then require the addition of an hours model to an already
complicated setup®®. We model annual earnings from labour market activity,
excluding self-employment income. Mean earnings for black and white women
are about $9,600 and $11,300 respectively. Some details on the states used for
estimation using the Lee methodology are given in Table 2. These figures confirm
that all of these states have sufficient observations, and are occupied by a high
proportion of the women in the dataset. Each state is visited by at least a quarter
of the sample, and none of the states are transient on average: the lowest average
occupancy time being 43% of the window length.

Recall that to implement the modelling framework outlined above we need an
estimate of the distribution of the household’s annual (labour) income in each
state. So in the case of a two-earner household, this entails the distribution of the
sum of the incomes. The choice of dependent variable is not straightforward in
this context: the necessity of summing the two random variables essentially forces
us to model earnings rather than the more standard log earnings. This assumption
may not be too problematic in this context, given that we are interested in the
distribution of earnings surprises over time for one individual. For this question, a
normal distribution is not unreasonable. For example, if we simply take earnings
and test for normality over time individual-by-individual, this is rejected in 36%
of cases. However, if we repeat the test on the residuals from regressing earnings
on age and age squared, years of education and its square and a gender dummy;,
then normality is rejected in only 2% of cases.

Noting that we model the distribution of the sum of the incomes in two-earner
households, we need to investigate the covariance of earnings shocks for the two.
This is potentially important: within-period labour supply adjustment by one
partner in response to a shock to the other’s income seems plausible. Alternatively,
common shocks to the income of both may be important. To address this we
estimated the partial correlation over time between income shocks of the two
earners. Specifically, we ran a regression of earnings on age and spouse’s earnings,
absorbing the fixed effects, yielding coefficients of 0.020 for black women and -
0.017 for white women3”. The implied partial correlation coefficients, controlling

36Earnings per hour regressions run on this data replicate standard findings on rates of return
to education etc.
37TWe ran the same experiment separately on marriages that had lasted at least five years, and
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for age and fixed effects, are 0.0020 and 0.0018 respectively. We therefore feel
that this is not a first-order problem.

6.5. Estimation Results: Transition Equations
6.5.1. Marriage

The estimation results are given in Table 3a. We discuss first the process of
becoming married. Being employed last period significantly raises the chance of
finding a match, as does having children to support. Both of these are significant
effects. We also find that a high value of the individual’s own earnings raises
the chance of becoming married for blacks, though reduces it for whites. High
family (parental) income tends to raise the chance of marriage. These findings are
generally not out of line with the literature®® and with our underlying behavioural
model. From a poverty dynamics perspective, the connections between marital
status, number of children, employment status and earnings means that a shock
that affects one of these, say earnings, will have an impact on family formation.

Among married women, the probability of remaining married depends posi-
tively on the elapsed duration of marriage, negatively on the woman’s own earn-
ings and positively on her partner’s earnings. We allow the presence of children
to have different effects at different marriage durations. For white women, the net
effect is that having children very early in a marriage seems to raise the chance of
it terminating, but having children later in a marriage tends to protect it. This is
less true for black women, and the presence of children has a net negative effect on
the probability of marriage. Lagged employment status is negatively associated
with remaining married, in line with other findings in this area.

In both processes, a variety of taste and background variables are significant.
One to point out is the relative generosity of AFDC payments at state level. This
has a significantly negative effect on the chance of a marriage continuing.

6.5.2. Fertility and Participation

Fertility and participation were estimated as a bivariate probit, though we esti-
mated a range of models including univariate probit, bivariate probit, fixed effect
logit and poisson regression on the number of dependent children at any one time,

on earnings above the mean: the results were 0.021 and -0.022, and 0.013 and -0.021 respectively.
38We have investigated the relationship between marital status and earnings in more detail
elsewhere (see Burgess et al [11]).
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and these all produced the same qualitative results. In that sense the results re-
ported in Table 3b are robust. The main patterns are that fertility as defined
here is reduced by a high female wage rate. This is consistent with a modelling
approach that treats this as a key price in the provision of child care. Fertility is
higher if the respondent is married, and higher within marriage the higher is the
partner’s wage rate. This can be explained by the income (demand) effect domi-
nating the time price effect if male time is less of an input into childcare. There
is little evidence of an age profile, conditional on the wage rate. The woman’s
previous number of children matters: generally, the presence of a single child
raises the chance of having another, whereas three or more reduces it. Finally,
lagged employment status is negatively associated with the likelihood of fertility.
It could be argued that we should not condition on lagged employment status, as
employment is a choice variable affected by the same processes as fertility. How-
ever, when we estimate a fixed effect logit model for fertility, lagged employment
is significant, suggesting it reflects more than unobserved heterogeneity. Implic-
itly we assume that some individuals are constrained. Again a number of the
background variables have significant effects.

Turning to the jointly modelled participation process, the effects we find are
largely standard. The level of education matters strongly and there is a clear
concave pattern in age. Bad health and high local unemployment both reduce the
likelihood of working. The presence of children in the previous period severely
reduces the chance of working: the more children, the lower the chance of working.
Lagged marital status appears to have different effects for black and white women:
among the former, marriage is associated with a higher probability of participa-
tion, among the latter with a lower probability. Variables included to measure
the earning capacity of the woman’s partner (age and education of spouse) are
insignificant for black women and negative for white women.

The estimated correlation of the errors of the two equations is negative. This
suggests that any shock making fertility more likely makes participation less likely.
This seems to fit well with the idea that child care and paid employment are
competing uses for women’s time.

6.6. Estimation Results: Earnings Functions

We first estimate a multinomial logit model for occupancy of the set of demo-
graphic states defined above, compute the selection correction terms and incor-
porate these into the four earnings regressions. Clearly, the probabilities of being
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found in these states will depend on the same set of variables as those described
above explaining transitions into and out of marriage and work, and the prob-
ability of adding a child. We use a core subset of the combination of all those
variables, denoted X%. The results are in Table 4. The coefficients estimate
the impact of a variable on the relative chance of being in a state relative to the
base state (not working). The results represent a reduced form combination of
the previously estimated individual transition processes; consequently, unlike the
individual transition processes, they do not have a clear interpretation.

The selection terms are calculated from 6.4 and are included as additional
regressors in the earnings equations. They are identified by variables included in
X but excluded from the earnings equations: parental income, parental human
capital, family structure at age 14, number of siblings, whether the respondent
had a religious upbringing, whether the respondent lived in the South at age 14,
duration of marriage, state AFDC payment rate, and whether the respondent has
a traditional view of gender roles. While one could argue a case against some of
these, others would appear to have a negligible direct impact on earnings.

We argued above that since we are modelling annual earnings, we should
include the number of children in the states with some children. Although children
older than one are pre-determined, new ones are not, so we instrument current
children variables with lagged children.

The results are in Table 5. The coefficients generally reproduce standard
human capital findings. The implied rate of return on education includes the effect
both on earnings per hour and on hours worked. For black women in state B this
can be calculated as a difference of $1200 going from 12 to 13 years, on a mean
earnings at 12 years of about $10000, a rate of 12%. Unsurprisingly, illness, high
local unemployment and the presence of children all reduce earnings. Spouse’s
(fitted) wage rate is generally positive for married women. This captures both
labour supply responses, and given our omission of fixed effects, some assortative
mating based on earnings. The selection variable is negative in all cases, and
strongly significant in most. The usual concave age profile is missing in some
cases: this may be because the selection variable is strongly trended (in age).

Finally, we need to model the earnings of other members of the household. To
predict the distribution of earnings of the spouse (if one is present), we estimate
an earnings function for all men of the race of the respondent 3°. This gives
us coefficients on the variables to calculate the mean, plus an estimate of the

39That is, using the earnings of male respondents in the NLSY, not the spouse’s earnings of
female respondents, because of the likelihood of measurement error.
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variance (see below). Since we do not have data on all the required variables
for the spouse, we assign values of the variables for the male spouse as follows.
Many characteristics are naturally shared, for example marital status, the number
of children, the state of residence, the year. The age and years of education of
spouse are reported in the NLSY. Health status of spouse is not reported and we
use the mean value of men in the NLSY.

7. Fitting Poverty Probabilities

We are now in a position to estimate poverty rates and poverty dynamics using the
approach set out in section 3. In this section we set out the method and evaluate
the goodness of fit. We first focus on estimating poverty rates one-step ahead:
that is, we take the data on the respondents’ current state, €2;, current realised
income y;, and other characteristics (Z, Z’) and apply 4.8 and 4.9 to calculate the
probability for each respondent of being poor one year later. We then take the
realised data on (Q,y, 7, Z') for the next date and repeat the procedure. This
produces a time series of poverty probabilities for each respondent. This allows
us to evaluate the model as a whole as a predictor of poverty rates and to carry
out some experiments. Note that this is not simulation: there is no randomisation
or assignment of people to states. We simply calculate the probability that an
individual is in poverty next year, based on her chance of entering different states
and the distribution of her income in those states. These results provide a general
overview of the sources of variations in poverty between black and white women
and provide a useful diagnostic for the approach.

7.1. Setting up the Framework

Following the estimation, we define states {2 as married or not (with marriage
duration of 1, 2 or 3 or more years), working or not, and having 0, 1, 2, or 3 or
more children. An examination of our data on male labour supply suggested that
modelling the participation of the spouses of our female respondents was unlikely
to be worthwhile, since only a small and special group of men did no paid work
during a year.

We use our estimated transition processes to form gq (see 4.2). The marriage
and separation probabilities are assumed independent of the fertility /participation
pair which have a bivariate normal distribution. The distribution of household
income in each end-state, ¢(y; Z, Z',Q), is assumed normal with means derived
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from the estimation above. As discussed above, the covariance between shocks to
spouse’s income and own income is set to zero. The variance is also derived from
the estimation procedure. A cross-sectional variance would pick up unmeasured
differences between individuals. These are largely irrelevant to the earnings dy-
namics of one individual over time. We therefore exploit the panel element of our
data to calculate the within-variance of the residuals from each earnings regres-
sion for each individual. These are averaged by gender/race group and earnings
states. In principle, we could use much more finely averaged variances but there
did not appear to be large differences in the within-variance between educational
groups or coarse age bands. Nor, perhaps surprisingly, does there appear to be a
clear relationship between mean fitted income and within-variance: see Figure 5.

A number of further assumptions are required. We assume that upon divorce,
the female partner is responsible for the children (ie. they affect her earnings and
her participation, future fertility and future re-marriage probabilities). We assume
that the partner’s earnings awaiting an unmarried woman becoming married is
equal to the mean of that of just-married women with the same characteristics.
We ignore income from capital; this will clearly be an issue for some groups and
some income levels, but is not a major problem for young poor people. Alimony
and child support payments are more likely to matter, particularly given our
focus on household formation and destruction. In fact, the NLSY reports very
few people receiving alimony payments, no more than 30 cases per year, so we
cannot use this data. Child support payments are more common, and average
about $1800 among unmarried women receiving them. On average, some 18%
(black) and 30% (white) of currently unmarried women with children receive such
payments’’. While we ignore both alimony and child support payments in this
paper, these figures suggest that the latter is a worthwhile phenomenon to include
in this framework.

The final issue is welfare receipts. For the non-elderly, the main cash benefit*!
is AFDC, available to lone parents with dependent children and low or zero earn-
ings. For all but one year of our sample period (1981 to 1992) the AFDC system
has operated as a state-specific guarantee level and a 100% benefit reduction rate
on any earnings. This implies that y = max(e, AF DC), where e is earnings, and
y is income. Furthermore, if AFDC < 7 (the poverty threshold) for any family
type, then

pr(poverty) = pr(y <) = pr(e <7)

40These are weighted using the sample weights; unweighted the numbers are 18% and 15%.
41 And so included in the official poverty measure
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That is, in this case, modelling take-up of AFDC or assigning appropriate levels
of AFDC to eligible women would make no difference to the poverty probability
calculated from our earnings distribution. An examination of the rates of AFDC
payment suggest that it is reasonable to assume that AFDC levels are below
poverty thresholds*?. We ignore all in kind transfers that may be made to those
with AFDC payments which are lower than the poverty line, as we do not estimate
these benefits at all in our model. We also ignore payment of foodstamps and other
AFDC-related benefits: thus we are likely to underpredict total income among the
very poor.

7.2. Evaluation of the fit of the estimated transitions

As an evaluation of the approach, the simplest exercise is to compare the one-
step mean predicted poverty rate for each year for women in both race groups
in the NLSY with the actual means. These are given in Figure 6. If we had
estimated poverty rates directly using the poverty rate data then the fitted mean
would necessarily be equal to the actual mean. In our case however, there is no
reason for this equality to hold: none of our estimation has actually used the
data on poverty status at all. Recognising this, the match between actual and
fitted poverty rates is reassuring. The graph shows that we overpredict poverty
rates amongst the young. However, at older ages our predicted one-step poverty
rates follow actual values quite closely. The overprediction at young ages probably
arises because we have not modelled income from adults other than partners, but
in the under-25 age group there are a significant minority of individuals who still
live in the parental home.

We can compare the actual and fitted poverty probabilities for a variety of sub-
groups. This is shown in Table 6a. These tables reflect the general overprediction
at young ages apparent in Figure 6. Within this, the degree of over-prediction is
consistent across demographic groups for black women, and is higher for married
white women, and white women without children.

A harder test is to look at movements in the fitted poverty probability over
time, individual-by-individual. Some results are given in Table 6b and Figure 7.
The table shows that we generally over-predict poverty inflows among the non-
poor, and under-predict outflows among the poor. That is, we do not capture all
the heterogeneity between people: while we get the average poverty rate about
right for (quite narrowly defined) groups, within that group poverty rates are too

42Gee for example, US Department of Health and Human Services[24]
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similar among the members of the group, and we do not get enough of some people
being frequently poor and others rarely poor. This is perhaps unsurprising given
that we do not use fixed effects estimation. This point is illustrated graphically
in Figure 7a.

However, we do manage to do rather more than just predict the average expe-
rience for everyone. In Figure 7b we look at poverty individual-by-individual over
time. We split people into ten groups defined by the proportion of their time in
the observation window spent in poverty. These are marked along the horizontal
axis of the figure. We then plot the distribution of the fitted proportion of time
spent poor over the window for each of these groups*®. The figure shows a wide
range within each group, but that nevertheless the approach does a reasonable
job of separating people likely to spend a long time poor from those likely to be
never poor.

We can use this one-step analysis to examine the extent to which differences
in poverty between black and white women are the result of differences in the
transitions between, or earnings in, the overall states. To answer this we com-
puted poverty rates of black women as before; for white women we used the black
women’s transition rates but the white women’s earnings equations. That is to
say, we took the mean of each transition rate for each age-race cell, and applied
this mean to both black and white women in the appropriate age group. Note
that this means that it is not just the ”"behaviour” (the coefficients) that are being
transferred, but the ”environment” too (the variables); we separate these in the
next section. The results are given in Figure 8. This indicates that if white women
experienced the same one step transition rates as black women, they would on
average experience much higher poverty rates. Indeed, from the mid-twenties, the
differences in transition rates account for almost all of the gap in poverty rates.

From this we can conclude that a major part of the differences in one-step
poverty rates between young black women and young white women is due to dif-
ferences in the rates at which the two groups move between states. The remainder
is due to higher earnings of white women when in these states. The advantage of
our approach is that we can now take a further step and look at the source of this
difference using the 7-step poverty transitions introduced above.

43This is simply the sum of the fitted per-period probabilities.
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8. Results

This section uses the framework to investigate the underlying forces behind poverty
dynamics. Specifically, we examine and separate out the effect of endowments
which are given for the individual (such as parental income at 18 or education)
and the behavioural responses of the rates of marriage, employment, child bearing,
and earnings, to these endowments. The analyses we undertake include an exam-
ination of the speed with which individuals recover from an exogenous shock, the
identification of the transitions which appear to be most closely associated with
recovery or with the persistence of poverty, and the identification of the transitions
and income differences which account for differences in poverty between groups.

8.1. Model Setup

We define the set of states to differentiate different durations of marriage: 1 year,
2 years, 3 years or more. We thus have 32 states comprising €2 and construct the
transition matrix Q(¢) from 4.17. We compute Q(t) for each age (¢) using the
estimated coefficients and the appropriate variables. Some of these are defined
by the state of origin (for example ”lagged marital status” equals 1 in married
origin states) and earnings are set at the mean of the distribution predicted for
that origin state. Others are exogenous, including education, family background
and state of the labour market variables. This procedure differs from the previous
section only in that we compute the transition probabilities out of each possible
starting state, rather than just the state the respondent actually was in at time ¢.

An individual is defined by (i) a set of background variables, Z, which include
parental income, own earnings and wage rate at 19, potential spouse income at
19)* (ii) a location in a specific origin state at any time (i.e. for each individual
one element of () equals 1 at each t), and (7ii) a set of behavioural equations
which model the transitions between states and the income distribution within
each of the states. We separately examine the effect of each on poverty probabil-
ities.

For the base calculation we use the race-specific mean actual values for Z
at age 18, the actual frequency distribution of individuals over states at age 18
(), and the race-specific estimated behavioural coefficients in the transitions and
earning equations. The results are given in Table 7. These show the probability

44The other variables in Z are health status, maximum education attained, variables defining
houshold type and location at age 14, parental education, religious and other attitudes, state
unemployment rate.
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of being poor one year ahead, two years ahead and so on up to ten years ahead,
for a person with that set of characteristics at age 18, and following that set
of behavioural patterns. We do not run the process on beyond age 29 as the
behavioural equations were estimated on the age range 18 - 34. The table shows
that the fitted values are greater than the actual for both blacks and whites at
early ages, but after 23 or so they are very close and mirror the observed fall
in poverty rates over this age group. The overprediction at young ages arises
for exactly the same reasons as the overprediction in the one-step analyses: we
omit sources of income other than the individual’s own earnings or those of a
partner. It appears that the fitted poverty probabilities in Table 7 are converging
to a steady state value, but the transition process is not strictly stationary in the
sense that the () matrix depends on time (age).

The fit is remarkably good: the data is used to set up the initial conditions, but
thereafter the model is simply re-applied ten times. To some extent the fact that
the model fits so well may be coincidental: a number of simplifying assumptions
have been made along the way, and it may be that these more or less cancel
out in their effect. Our omission of other sources of income suggests we should
overpredict poverty; simply taking the whole of the measured within-variance
as the variance of the income shocks is too simple; the normality assumption
may be misleading, the omission of fixed effects means we ignore some sources of
heterogeniety, and so on. Nevertheless, the similarity between the prediction and
the data provides a good base for the experiments reported below.

Poverty rates are a function of transitions between states and the income
received in those states. Our framework allows us to separate how the background
variables affect the states individuals are predicted to be in from the income
they earn in each state. Figure 9 shows the probabilities underlying the base
run of being in particular elements of € (collapsed into 8 categories for ease of
interpretation) at each age for whites and blacks. The results indicate that for
both black and white women, there is movement into states characterised by
marriage and children over time. But there are differences in the relative chances
of occupying these states across the races. Black women are more likely to be
single and not in work than white women, and the difference between the races in
the proportion who are in this state with at least one child is particularly large.
White women are more likely to be married, both with and without children, and
less likely to have children outside marriage.
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8.2. The Influences on Poverty

We examine the impact of Z (background and environmental factors), €2y (starting
state), and transitions and earnings behaviour. We look at the impact within and
between black and white women. For each analysis, we present the impact on
poverty rates and then exploit the underlying modelling framework to illustrate
how differences in household formation and participation rates affect poverty.

8.2.1. Initial Background

Table 8 presents the results of changing initial values of various background vari-
ables. The table contains the results only for ages 20, 25 and 29, but the patterns
are similar between these years and the information is omitted only for ease of
presentation. In columns (1) and (2) we examine the effect of differences in family
(parental) income on predicted poverty rates, changing this variable by $10,000
either side of the mean (which is about one standard deviation). In our estimated
model, family income affects the rate at which people become married. The effect
on poverty is negligible for whites. For blacks, the impact of changing parental
income is larger. Decreasing income by this amount increases the poverty rate
from one and a half percentage points at age 20 to six at age 29. This reflects the
importance of marriage rates among black women. Columns (3) and (4) examine
the effect of not living with both parents at age 14. They show this has little
impact for blacks but the effect is larger for whites, raising poverty probability at
age 29 by about a quarter.

The variable with the largest effect on poverty rates is education (columns (5)
and (6)). Having a college education basically eliminates the chance of poverty,
holding all else constant. The probability of being poor at age 29 is reduced
from 36.6% to 4.6% for black women and from 8.0% to 1.2% for white women.
The results for having completed high school only are similar to the base run, as
this is close to the average education of the sample. The final column of table
8 shows the effect of increasing the unemployment rate by 4 percentage points.
Unemployment does not vary with time in our model, so this is equivalent to an
examination of the impact of entering and working in a labour market at a poor
stage of the business cycle relative to entering and working in a good stage of the
business cycle. Comparing the final column of Table 8 with the base run shows
poverty rates are predicted to be nearly 50% higher for whites and 25% higher
for blacks when the unemployment rate is 4 percentage points higher. This is
because unemployment not only affects earnings, but also has significant impact
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on the transition probabilities of participation and having children.

The pattern of state occupancy is affected by education. Figure 10(a) presents
the distribution across the same states for black female high school and college
graduates separately. From this it is clear that the impact of higher education
is to increase the probability of being married and working with children, to de-
crease the probability of being married without children, and to decrease the
probability of being single, with and without children. The proportion in states
with children does not change, but the probability of being married with children
increases. Given that both marriage and participation are associated with lower
poverty rates, the effect of education on poverty rates is through lower occupancy
of states associated with low income. From the estimated transitions equations,
the direct impact of education for black women appears to be primarily through
participation (see Tables 2 and 5). This then has a strong influence on the mar-
riage probability, reinforcing the direct effect of education.

8.2.2. Initial State

Next we investigate the impact of €2y, the starting state at age 19. We compare
the results of starting from an unfavourable and a favourable state in Table 9.
The unfavourable state is single, not working, one child. Column (1) shows this
has a large impact on the likelihood of poverty for young white women at age
20: poverty rates increase from 19% under the base run to 54%. Over time,
however, this initial shock is somewhat dissipated, and the poverty rate at 29
is 12% compared to 8% under the base run. The effects for black women are
similar: the initial impact is to increase poverty rates, and the effect of the starting
state is gradually reduced. Nevertheless, for both races poverty rates from this
unfavourable starting state remain above that predicted by the base run. This is
not surprising: having children is an irreversible change for women in our model,
and this therefore has a permanent effect on the set of possible states the woman
can occupy.

Column (2) presents the results of starting in a favourable location at age 19:
in work, unmarried and with no children. The initial impact of this is to decrease
poverty rates, and although the effect falls off over time, rates at 29 are still lower
than under the base run. Again the effects are similar across the two races. The
final column of table 9 presents the effect of an unemployment shock at 19%°. The

45The probability of being in any state in €, in which employment is positive is set equal to
0, and all the other origin state probabilities are adjusted upwards pro rata.

49



effect is to increase the probability of being poor by around 6 percentage points
for each race initially, and that there is a small but lasting effect over the 10 year
period. The table indicates that starting states matter and though they become
less important over time, there is still an effect on predicted poverty rates 10 year
out.

We can go below poverty rates to examine how starting states determine the
subsequent distribution of states. Figure 10(b) shows the differences in demo-
graphic states underlying this difference in poverty rates for white women. The
top panel is for a starting state of single, working and no children; the bottom
panel for a starting state of single, not working and one child. Looking first at
the top panel, we see that the proportion in states without children falls and the
proportion in states with children increases over time. This is not surprising.
Comparison of the top and bottom panels indicates that having a child early in
life changes the long run distribution over states. An early child means, relative
to those who do not have a child early on, a greater probability by age 29 of being
in the married, not working and some children state.

8.2.3. The impact of behaviour

The last set of investigations isolates the impact of the behavioural equations
that determine the transitions between states and the earnings in these states.
For example, we can examine the impact on predicted poverty rates and state
occupancy for white women of having the marriage and divorce propensities of
black women, holding all other behaviour, starting states and background vari-
ables constant. The model allows changes in the estimated transitions in one
process to feed through into the other transitions and earnings.

Table 10 presents results of such analyses. Column (1) represents the base run
analysis for white women, and column (6) does this for black women. Column
(2) attributes white women with all the behavioural equations of black women.
Comparison of column(2) with (6) indicates that if white women were subject to
the same transition probabilities and earnings functions as black women, their
poverty rates would be very similar. In other words, their starting states and
background variables appear to have little effect. Columns (3) - (5) report the
results of changing just the marriage and divorce probabilities, the participation
and fertility propensities (together because these are jointly estimated), and the
earnings functions respectively. Column (3) indicates that if white women had
the same marriage and divorce propensities as their black counterparts (all other
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propensities left unchanged), their rates of poverty would rise by approximately
6 percentage points each year. On the other hand, column (5) shows the impact
of changing earnings is to increase poverty rates more initially, but this impact
falls over age. So by age 29 the estimated poverty rates under this experiment
are lower than those predicted by changing marriage and divorce propensities.
Column (4) shows the impact of changing participation and fertility propensities
is similar to, but less extreme than, the effect of giving whites blacks’ earnings
functions. These columns indicates that for whites, starting states are not very
important, and that the different transition probabilities have rather different
short and longer run effects.

The results for black women indicate some similarities and some differences.
Giving black women all the behavioural responses of white women lowers the
probability of poverty, though the probability of being poor is still above that
of white women at all ages (column (2) compared to column (6)), indicating
that starting values continue to have an impact for black women. The effect of
changing marriage propensities to those of white women is to decrease rates of
poverty at all ages. As for whites, the longer term impact on poverty rates of
changing marriage propensities is larger than that of changing either earnings or
participation and fertility. However, in contrast to the results of columns (3)-(5),
poverty rates of blacks fall by similar amounts if any of the transition probabilities
or earnings functions are swapped with those of white women. This is perhaps an
indication of the greater importance of starting states and initial background for
blacks compared to whites.

Across both races, these analyses indicate that partnership formation and
dissolution have the smallest short run and the largest long run effect on poverty
probabilities, while earnings have the largest short run effect and the smallest long
run effect?®.

Changing the probability of being in one state at any ¢ affects the estimated
probabilities of being in any of the other states and earnings at a later date.
The changes in poverty rates from the base runs that result from changes in the
probability of being married, having children etc, are a combination of changes
in the distribution over states and the income in those states. We can examine
how changing behaviour affects the distribution over states. Table 11 presents the
modal predicted state at ages 20, 25 and 29 which correspond to the simulations
in the columns in Table 10. In terms of income, the states of being married and

46Note since we are examinig poverty rates we ignore changes in the level of income above the
poverty line that may improve the overall distribution of income.
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working are high income states, as in these states individuals are predicted to have
income both from their own (female) employment and that of their male partners,
who have higher average earnings than women. The last row of the table shows
the proportion predicted to be single and not working at age 29, which is a state
associated with a very low income and hence a high probability of being poor.

The first column shows that the model under the base run predicts the most
common state for white women at age 20 to be single, working with no children,
the modal state at age 25 is married and working with some children, and the
modal state at age 29 is married, working and some children. The probabilities
are predicted to be 44, 30 and 39 percent respectively. The proportion who are
predicted age 29 to be single and not working is less than 5 percent.

If white women were to have their own background variables but the be-
havioural responses of black women the most common states at 20 would be
single, working and no children (31%), at 25 would be married, working and some
children (18%), and at 29 would be married, working and some children (25%).
Compared to the base run, a smaller proportion are predicted to be in a state
characterized by higher income (marriage) at both 25 and 29. Additionally, a
considerably larger proportion are predicted to be in a low income state (single
and not working) at 29. Comparison of columns (2) and (6) indicates that the
distribution of white women, if they had all the behavioural responses of black
women and their own initial values and starting states, would be close but not
identical to that of black women. In fact the distribution of black women in terms
of access to income is slightly more favourable. This is reflected in the slightly
higher predicted poverty rates in Table 10 of column (2) compared to column (6).

Column (3) shows the impact of changing just the marriage and divorce tran-
sitions. Compared to the base run, the proportion not married rises considerably,
and in addition, the proportion without children also rises. The net effect is to in-
crease the proportion who are single and childless at age 20 from 44 to 52 percent,
to change the modal location at age 25 from being married, working and with chil-
dren to being single, working and without children, and to reduce the proportion
married, working and with children at age 29 from 39 to 29 percent. As the dis-
tribution has shifted towards states which are characterised by lower income, so
has the predicted poverty rate risen. Note that the predicted fall in the number
of children is not because white women have been given the fertility behaviour of
black women, but is the result of a lower marriage rate for white women which in
turn leads to fewer predicted children using white women’s fertility estimates.

Column (4) shows the impact on the distribution across states of giving white
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women the fertility estimates of black women. The predicted proportion who are
in high income states actually rises at ages 25 and 29 compared to the base run,
but predicted poverty (Table 10) in this state remains higher than under the base
run. This is the result of (i) more women who are predicted to be single and not
working at age 29 and (ii) a higher predicted number of children which increase
poverty. Column (5) shows the effect of giving white women blacks’ earnings
equations. This has almost no impact on the distribution over states. All the
(small) effect on poverty rates comes from the lower predicted own earnings of
black women, and this difference is largest at younger ages. The result, as shown
in table 10, is that predicted differences in poverty rates between column (5) and
the base run in column (1) are highest at young ages.

Columns (6) through (10) carry out the same exercise for black women. Col-
umn (6) shows that the distribution of states for black women in terms of income
is considerably worse than for white women. In comparison with column (1)
far more blacks are predicted to be outside the high income states at ages 20,
25 and 29, and in the lowest income state at age 29. If black women were to
have the same behavioural estimates as whites (column (7)) this would shift the
distribution towards higher income states.

Column (8) shows that if black women were to have only the marriage and
divorce equations of whites, the distribution would shift towards married states,
which would have, as table 10 shows, a large negative impact on predicted poverty
rates. The change in the distribution from this experiment is greater than for any
of the others considered here, and the predicted fall in poverty rates is commen-
surately the highest. However, predicted black poverty rates do not drop to those
of whites at 29, in part because the proportion predicted to be single and without
work at 29 is still considerably higher than that of whites.

Column (9) indicates that the effect on the distribution of modal states of
giving blacks the fertility equations of whites is small, but the predicted number
who are in the worst income state at age 29 does fall. This accounts for the fall
in poverty rates relatively to the base run seen in Table 10. Column 10 of table
11 shows that a change only in earnings equations has the same effect for blacks
as for whites. The distribution of modal states hardly alters at all, and all the
impact on poverty rates comes through the change in earnings. In states in which
the probability of poverty is high, whites’ earnings are higher than those of blacks
at younger ages but little different above 25.
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9. Conclusions

This paper proposes a framework for modelling household income dynamics. It
emphasises the role of household formation and dissolution, and labour market
participation. It allows standard economic theory to address the issues of house-
hold, as distinct from individual, income and poverty dynamics. Here we set out a
simple behavioural model for the underlying economic processes, but other models
can also be used.

We illustrate this framework with an application to poverty rates among young
women in the US. We estimate marriage, fertility and participation transition
equations, and earnings functions under relatively simple assumptions about the
correlations between the different processes. Based on these estimates, our ap-
proach produces predicted poverty rates that match the data reasonably well. We
use this model to analyse differences in poverty experiences, particularly between
black and white women.

The results demonstrate the feasibility of this approach and that new insights
can be derived about the factors lying behind household income changes. We find
that differences in behaviour underlying the transition processes make a major
contribution to differences in poverty rates. While we show that all transition
rates matter, rates of marriage appear to be the single most important factor, as
marriage gives access to another income stream. Some aspects of an individual’s
situation early in life affect their likely subsequent poverty status, particularly
the level of completed education, but in general transition behaviour is more
important.
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Table 1(a): Poverty Rates of Blacks and Whites
US Aggregate Data

Numbers Below Poverty Linein 1995
Number (000s)  percent

PERSONS 36,425 13.8
White 24,423 11.2
White: Not of Hispanic Origin 16,267 8.5
Black 9,872 29.3
Asian and Pacific Islander 1,411 14.6
Hispanic Origin 8,574 30.3
FAMILIES 7,532 10.8
White 4,994 85
White: Not of Hispanic Origin 3,384 6.4
Black 2,127 26.4
Asian and Pacific Islander 264 124
Hispanic Origin 1,695 27.0
FAMILY TYPE
Married Couple 2982 5.6
White 2443 51
Black 314 85
Female Householder, no 4057 32.4
husband present
White 2200 26.6
Black 1701 45.1

Source: Poverty in the United States, Current Population Reports, Consumer Income P60-
194. US Department of Commerce, Bureau of the Census.



Table 1(b) : Poverty Rates of Black and White Women
NLSY Data

Poverty Rate (%):
Black Women  White Women

OVERALL 38.8 10.0
AGE:
14 44.1 10.8
18 44.3 12.1
22 41.1 12.6
26 37.0 9.5
30 35.5 8.3
34 28.4 9.2
EDUCATION LEVEL
High school drop out 77.2 28.0
High school graduate 37.1 10.1
College Graduate 154 31
MARITAL STATUS :
Never Married 43.3 11.3
Married 15.1 4.1
Separated/Divorced 52.5 22.0
NUMBER OF CHILDREN*Z
0 19.7 5.4
1 33.2 6.2
2 38.1 8.5
3 48.2 14.9
Sample number 1129 2452
Averaged over 1979 - 1992, Weighted
" Poverty Rate at age 28

Table 1(c): Poverty Transitions and Durations by Race

Poverty Rate (%):
Blacks Whites
(Menand  (Menand
Women) Women)
Number of yearsin poverty” 3.8 1.2
Number of yearsin poverty of 6.0 3.2
those having some poverty
Mean inflow rate (% per year) 11.7 4.8
Mean outflow rate (% per year) 234 454
Mean duration of first spell (years) 2.46 1.56

" Out of amaximum of 13 in the window
Source: NLSY, Burgess and Propper [12]



Table 2: Descriptive Statistics for Earnings States

(a) Black Women

Overdl Between Within
Freq % Freq % %

A: Not Working 3521 25.17 747 52.87 64.06
B: Working, Single, No kids 2911 20.81 671 47.49 67.68
C: Working, Single, Some kids 3683 26.33 800 56.62 60.47
D: Working, Married, No kids 964 6.89 340 24.06 46.57
E: Working, Married, Some kids 2909 20.80 646 45.72 58.01
Total 13988 100 3204 226.75 60.85

(b) White Women

Overdl Between Within
Freq % Freq % %

A: Not Working 4961 16.51 1324 40.63 54.94
B: Working, Single, No kids 7806 25.97 2016 61.86 62.34
C: Working, Single, Some kids 2243 7.46 792 24.30 43.03
D: Working, Married, No kids 6169 20.52 1892 58.05 49.06
E: Working, Married, Some kids 8878 29.54 1867 57.29 61.27
Total 30057 100 7891 242.13 55.73

Note: Numbers are unweighted, because the use of weights in a between/within context is
problematic. Weighted tabulation for the overall N* T cross-section produced very similar
numbers.



Table 3a: Marriage and Divorce Transitions

Probit Estimates of Probit Estimates of

Becoming Married Remaining Married
Variables Black White Black White
Earnings(t-1) ($000) 0.335 -0.608" -0.410 -0.532"
Family/Spouse Income 0.018™" 0.031" 0.067" 0.050"
(t-1) ($ 000)
Employed(t-1) 0218 0.212"" -0.113 -0.118"
Education 0.026 -0.009 -0.021 0.031"
|1l Health 0.069 0.013 -0.047 -0.050
kids(t-1)=0 -0.059 01747 - -
kids(t-1)=1 - - -0.117 -0.098
kids(t-1)=2 - - -0.328° -0.114
kids(t-1)=3 - - -0.300 -0.769
Marriage Duration=2 - - 0.025 0194
Marriage Duration=3 - - 0.177 0249
(MarrDur=2) (k=1) - - 0.178 0.120
(MarrDur=2) (k=2) - - 0.253 0.112
(MarrDur=2) (k=3) - - 0.003 0.728
(MarrDur=3) (k=1) - - 0.112 0.264"
(MarrDur=3) (k=2) - - 0.205 0.234
(MarrDur=3) (k=3) - - 0.192 0.846
State AFDC Rate - - -0.061 -0.025
Mother’s Education -0.093" -0.019 - -
Father’ s Education 0.062 -0.010 - -
Both parents at age 14 0.005 0.012 0.094 0158
Religious Upbringing -0.074 -0.006 0.048 0.009
# siblings - 0.067 " 0.008
Age, Age squared Yes Yes Yes Yes
Constant -3.899 -1.858" -1.442 0.460
LogL -2025.632  -5043.243 -1058.375  -3182.046
N 6833 9209 3458 15473

Samplefor eachis‘at risk’ group; dependent variable = 1 if transition to other state made
*** n<0.001, **p<0.01, *p<0.05



Table 3b: Participation and Fertility

Bivariate Probit Estimates of Participation and Fertility

Participation
Variables Black White
Education 0.264 " 0.123™
Marital Status (t-1) 0.160" -0.1477
Age of spouse 0.001 -0.005""
Ed'n of spouse 0.012" -0.005
kids(t-1)=1 -0.380" -0.609"
kids(t-1)=2 -0.465 " -0.737"
kids(t-1)=3 -0571" -0.922""
Il Health -0.2717 -0.143™
State unemp. rate -0.075" -0.027"
State AFDC Rate 0.029 -0.045”
Lived in South at -0.031 -0.048
age 14
Age, age squared Yes Yes
Y ear Dummies Yes Yes
State Dummies Yes Yes
Constant -3.875 -0.217
Correlation -0.206 -0.279
Log Likelihood -8818.429  -16322.115
N 10880 22935

Variables

Own wage
Spouse’ s wage
Employed(t-1)

kids(t-1)=1
kids(t-1)=2
kids(t-1)=3

[l Health

State unemp. rate
State AFDC Rate

MarrDur=1
MarrDur=2
MarrDur=3

#Sibs

Trad. gender roles
Religious
Upbringing

Age, age squared
Constant
Correlation

N

Fertility
Black White
-0.289" -0.239"
0.093™ 0135
0191 0172
0192 0.184"
0.069 -0.243™
-0.020 -0.288""
0.079" 0.077"
-0.009 -0.002
0.002 0.028™"
0.350 0637
0.241" 0627
0.148" 0.664
0.015 0.021"
-0.019” 0.010
-0.088" -0.032
Yes Yes
0.149 -1.234
-0.206 0279
-8818.429  -16322.115
10880 22935

*+% n<0.001, **p<0.01, *p<0.05



Table 4: Multinomial Logit Results for Earnings States Selection

B: Working, Single, C: Working, Single, D: Working, Married, E: Working, Married,
No kids Some kids No kids Some kids

Black White Black White Black White Black White
Age 0.640 " 0972 0475 0.187 0.849" 0.482"" 0.166 0.172
Age Squared -0.011° -0.018™" 0.008" -0.004 -0.016" -0.010" -0.005 -0.003
Education 0314 0.224"" 0.267"" 0.105 " 0.139" 0.068" 0224 0.029
MarrDur=1(t-1) -0.863" -0.987"" 0.128 -0.251 0.232 -0.143 0.462" 0.326
MarrDur=2(t-1) -0.032 -1.595"" 0.629" -0.341 0.500 -0.552"" 0672 0333
MarrDur=3(t-1) 0.236 -0.990"" 0.343 0372 0.875 -0.274” 0.690 " 0300
Some kids (t-1) - - 2121 2.486 " - - 1.300"" 1.105""
Employed (t-1) 3645 4410 31117 33327 3546 3.760 2.938" 3169
Family Income (t-  0.001 -0.003 -0.009" 0.000 0.000 0.000 0.000 0.000
1)
1l health -0.699 -0.769" -0.258" -0.117 -0.373 -0.422"" 0324 -0.079
State AFDC 0.019 -0.093° -0.103™ -0.157"" -0.150" -0.006 -0.149" -0.021
Age Spouse - - - - 0.063™" 0.056 " 0.063™" 0.045™
Ed'n Spouse - - - - 0180 0.091" 0.142"" 0.070"
Stateunemprate  -0.046 -0.041" -0.068™" -0.039™ -0.110"" -0.018 -0.092"" -0.017"
In South at 14 0.394" -0.052 0.241" -0.157 0.318 0.150 0.027 -0.001
Mother’s Ed'n -0.175 -0.513™" -0.132 -0.094 -0.212 0.029 -0.078 0.073
Father'sEd'n -0.069 -0.217 0.010 0.016 0.131 0.033 0.043 0.061
Both parentsat 14  0.246 0427 0.115 0.118 -0.035 -0.024 0.024 0.010
Religiousupbrg ~ -0.225 -0.006 -0.158 0.148 0.051 0.072 0.086 -0.029
# siblings -0.132"" -0.082" -0.065" -0.073” -0.102" -0.096 -0.011 -0.047"
Trad. gender att’'s ~ -0.022 0.005 -0.062" -0.089" 0.038 -0.062"" -0.095" -0.055
Constant -12.445" 14385 1.620 -5.291" 165197 -9444 -8.062" -6.469
N 8381 19182 8381 19182 8381 19182 8381 19182
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Table 5: Earnings Equations Results

B: Working, Single, C: Working, Single, D: Working, Married, E: Working, Married,
No kids Some kids No kids Some kids
Black White Black White Black White Black White
Age -0.677 -0.747 0.243 1.535 1.659 0.232 -0.343 0.986
Age Squared 0.019 0.021" 0.004 -0.026' -0.020 0.001 0.012 -0.012
Education -3.481°" 21257 0.814 -0.732 3.071" -1.621" -1.896 0.091
Education squared 0.187 0125 0.014 0.075 " -0.071 0.099™" 0.122" 0.027
Spouse’ s wage - - - - -0.154 0.467 0.847" 0.297
Kids=2 - - -1.37177 -1.255 " - - -0.266 -1.902""
Kids=3 - - -2.136 -2.558"" - - -1.806 -3.625
11l health -1.479" -1.455 " -1.146 " -0.463 -0.669 -1.430" -1.669"" -0.974""
Stateunemprate  -0.346" -0.361"" -0.243™ -0.423™ -0.504"" -0.288"" -0.254"" -0.121"
Y ear dummies Yes Yes Yes Yes Yes Yes Yes Yes
State dummies Yes Yes Yes Yes Yes Yes Yes Yes
Selection Variable -4.683"" -4.397""" 2173 -1.969" -1.559 -6.574"" -2.605 1526
Constant 32327 26.013"™ -8.270 -11.334 -42.502" 11.307 15.704 -13.395"
R? 0.415 0.385 0.302 0.200 0.383 0.286 0.295 0.182
N 1380 3841 2238 1339 513 3838 1793 6190

Notes: Spouse' swageisafitted value
*** p<0.001, **p<0.01, *p<0.05



Table 6: One-Step Fitted and Actual Poverty Rates

(@) By Demographic group

Marital Status (t-1): Black White
Single:
Fitted 0.347 0.153
Actua 0.278 0.095
Married:
Fitted 0.465 0.532
Actua 0.333 0.222
Children (t-1): Black White
No children:
Fitted 0.273 0.165
Actua 0.213 0.075
Some children:
Fitted 0.467 0.352
Actua 0.376 0.300
Total:
Fitted 0.354 0.193
Actua 0.282 0.108
(b) By Lagged Poverty Status
Poverty Status and age group: Black White
Not Poor (t-1)
19 - 25:
Fitted 0.389 0.229
Actua 0.147 0.065
26 - 30:
Fitted 0.198 0.105
Actua 0.095 0.053
Poor (t-1)
19- 25:
Fitted 0.586 0.316
Actua 0.658 0.395
26 - 30:
Fitted 0.361 0.202
Actua 0.663 0.496




Table 7: 1-Step Fitted and Actual Poverty Rates

Age White Women Black Women
Fitted Actud Fitted Actuad

20 19.0 12.6 60.5 47.2
21 16.2 11.9 574 45.9
22 14.0 10.9 54.5 43.8
23 12.3 10.5 51.7 41.4
24 11.0 9.6 48.9 42.4
25 10.1 8.8 46.2 38.2
26 9.3 9.1 43.6 38.8
27 8.8 8.2 41.1 36.8
28 8.3 8.1 38.7 34.2
29 8.0 7.7 36.6 36.1

Notes: Actual data are weighted means.

Table 8: t-Step Poverty Rates: The Influence of Background Variables

Fitted Poverty Rates

White Women

Age Base (1) 2 O (4) ® © O

20 19.02 1903 1902 1859 4.62 2095 1835 2731

25 1006 10.02 1010 9.77 1.76 11.52 949 1463

29 803 799 807 780 121 958 741 1119

Black Women

Age Base (1) 2 O (4) ® © O

20 6051 5869 6197 5512 14.04 6128 59.62 7051
25 46.22 4080 5131 40.65 852 47.17 4511 56.22

29 36.60 30.83 4246 31.36 4.64 37.71 3530 46.25

Other columns are as base, except

(1) Family (parental) income + $10000

(2) Family (parental) income - $10000

(3) Years of education = 12

(4) Years of education = 16

(5) Did not live with both parents at age 14

(6) Did live with both parents at age 14

(7) State unemployment rate + 4 percentage points




Table 9: 1-Step Poverty Rates: The Influence of Initial State

Fitted Poverty Rates
White Women Black Women

Age Bae (1) (2 (9 Base (1) @ O
20 190 538 154 267 605 770 572 678

25 101 180 8.0 13.3 46.2 56.6 39.7 514

29 8.0 11.9 6.6 10.1 36.6 44.2 30.8 405

Other columns are as base, except

(1) Starting state is{ Not Working, Single, 1 child}

(2) Starting state is{ Working, Single, no children}

(3) Starting state is base with all weight (proportionately) in { Not Working} states




Table 10: 1-Step Poverty Rates. The Influence of Behaviour

Fitted Poverty Rates:

B = Black values used; W = White values used

Starting values
and starting states W W W W W B B B B B
Marriage and
Divorce wW B B w w B wW w B B
Coefficients
Fertility and
Participation wW B wW B W B wW B wW B
Coefficients
Earnings
Coefficients w B w w B B w B B w

Age 20 190 598 231 301 326 605 301 517 519 504
21 162 570 219 263 262 574 243 437 475 488
22 139 545 206 228 217 545 202 379 439 471
23 123 520 194 199 183 517 172 335 406 451
24 110 495 183 176 157 489 150 299 376 432
25 101 471 173 158 137 462 134 271 347 413
26 93 47 164 143 120 436 121 247 321 397
27 88 425 155 131 107 411 112 227 296 382
28 84 404 148 123 95 387 105 210 273 369

29 80 384 143 116 86 366 99 197 252 359




Table 11: Moda States

Starting values
and starting states
Marriage and
Divorce
Coefficients
Fertility and
Participation
Coefficients
Earnings
Coefficients

Age: 20

25

29

29

swz
44%
mws
30%

mws
39%

3.2%

swz
31%
mws
18%

mws
25%

22%

B = Black values used; W = White values used

wW

swz
52%
swz
25%
(mws=20)
mws
29%

5.5%

wW

wW

wW

swz
31%
mws
37%

mws
47%

Percentage in states { single, not working}

5.1%

wW

wW

B

swz
44%
mws
31%

mws
40%

3.2%

B

swz
2%
SWSs
24%

mws
28%

19%

B B
wW w
wW B
wW B
swz swz
35% 23%
mws mws
33% 36%
(sws=11) (sws=12)
mws mws
42% 44%
3.8% 8%

swz
41%
SWs
24%

mws
26%

8%

swz
28%
SWs
24%

mws
28%

19%




Figure 1: Poverty Rates and Frequencies by State
(a) Probabilities of being in states
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Figure 1: Poverty Rates and Frequencies by State
(b) Poverty rates in states
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Figure 2: Marriage Rates by Age and Race
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Figure 3: Birth Rates by Age and Race
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Figure 4. Participation Rates by Age and Race
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Figure 5: Mean Fitted Earnings and Standard Deviation of Earnings
Residuals
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Figure 6: One-Step Actual and Fitted Poverty Rates
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Figure 7: Persistence in Fitted Poverty Status

(a) Poverty Status by Previous Poverty Status
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Figure 8: Fitted Poverty Rates with Black Transition Rates and White
Income Rates
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Figure 9: Demographic States. Base Case
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Figure 10a: Different Education Level; Black Women
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Fiure 10b: Different Initial State; White Women
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