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Climbing Out of Poverty, Falling
Back In

Measuring the Persistence of Poverty Over
Multiple Spells

Ann Huff Stevens

ABSTRACT

This paper investigates the persistence of poverty over individuals’ life-
times using a hazard rate approach that accounts for multiple spells of
poverty and incorporates spell duration, individual and household charac-
teristics, and unobserved heterogeneity. The findings highlight the impor-
tance of considering multiple spells in an analysis of poverty persistence,
with half of those who end poverty spells returning to poverty within four
years. Accounting for multiple spells shows that approximately 50 percent
of blacks and 30 percent of whites falling into poverty in some year will
have family income below the poverty line in five or more of the next ten
years.

1. Introduction

Questions regarding the persistence of poverty are central to much
past and current debate on the extent of poverty and public policies to address it.
Early discussions of a ““culture of poverty’” implicitly assumed that a sizable portion
of the poverty population remained in poverty for many years. More recent discus-
sions of the underclass and of long-term welfare dependency also presume that some
individuals remain poor over much of their lifetimes. Issues of income dynamics
have been frequently studied by economists, but there are additional reasons for
focusing on dynamics at the bottom of the income distribution. If poverty persists
for many years, policymakers and others have good reasons for concern over the
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consequences of such long-term deprivation. In addition, since government programs
frequently provide assistance to those in poverty, it is important to document the
extent to which certain individuals remain in poverty, and so remain eligible for
public assistance, year after year. While interest in income and poverty dynamics
has a long history, one very basic question has not been answered: how long will
an individual falling into poverty spend below the poverty line? This question is
central to our understanding of the concentration of poverty and of the degree of
mobility in the lower portion of the income distribution.

This paper contributes to the literature on poverty dynamics in two ways. First,
it provides estimates of the time spent in poverty over multiple spells. Previous spell-
based measures of poverty persistence have been limited to single spells of poverty,
and so have significantly understated total time spent below the poverty line. I esti-
mate poverty persistence using two sets of hazard rates for movements into and out
of poverty, controlling for observable characteristics and for unobserved heterogene-
ity in exit rates. This technique produces estimated distributions of time spent in
poverty for individuals just beginning a poverty spell, with a variety of individual and
household characteristics. Second, I supplement these estimates with results based on
another approach common in the income dynamics literature involving the estimation
of components-of-variance models. I then compare the results from these two models
to each other and to those from a simpler method of directly tabulating years poor
from panel data. These different models of poverty dynamics have rarely been esti-
mated together, and the two approaches used here have not been compared in terms
of their predictions of time spent in poverty.

II. Previous Research on Poverty Persistence

Previous authors have used several different approaches to study the
dynamics and persistence of poverty.' Initial research into this area made use of
newly available longitudinal data to observe and count the number of years individu-
als spend poor out of a fixed sample period.? The primary shortcoming of this strategy
is that people who end (or begin) the period in poverty may be starting (or ending)
a long stay in poverty, despite the fact that they appear to be poor in only one or
two of the observed years. This leads to an understatement of persistent poverty,
since some of those observed to be poor only a short time are actually in the midst
of lengthy poverty spells that are censored by the beginning or end of the sample
frame. In addition, these methods do not lend themselves to multivariate analyses
of factors affecting the persistence of poverty.

Another commonly used method in the literature on income and poverty dynamics
involves the estimation of components-of-variance models to describe the evolution
of earnings or income over time. Lillard and Willis (1978) first applied this method

1. These methods have previously been summarized by Bane and Ellwood (1986) and Duncan and Rodgers
(1991) among others.

2. Duncan et al. (1984), for example, used PSID data on individuals from 1969 through 1978 to count
the number of years in which household income fell below the poverty line. They found that 33 percent
of the sample experienced poverty in at least one year, but only about 5 percent were ‘‘persistently’” poor,
defined as being in poverty for eight out of the ten years.
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to study poverty in their examination of earnings mobility in a sample of male house-
hold heads. Using their estimates of the permanent and transitory variance compo-
nents of male earnings, Lillard and Willis derived probabilities of various time se-
quences of poverty or low-earnings status. Because their study was limited to the
earnings of male heads of households, the authors noted that a more complete analy-
sis of poverty within their framework would require incorporating family income
(rather than male earnings) and changes in family composition over time, along with
other factors.

Since the Lillard and Willis study, many authors have used variations of the per-
manent-transitory approach to study questions relating to poverty.® Only rarely, how-
ever, have these methods been applied to measures of family income or the family
income-to-needs ratio used in conventional definitions of poverty in the United
States.* In addition, many applications have continued to focus on male heads of
household, or two-parent households, and thus missed much of the long-term poor
population. Finally, though the parameters of these models can be used to derive
probabilities of spending any number of years in poverty, this has not been done in
most applications. The estimated variance components are often used to distinguish
‘‘permanent’’ from ‘‘transitory’’ poverty, rather than estimating distributions of time
spent below the poverty line.

A different approach to the measurement of poverty persistence was used by Bane
and Ellwood (1986). These authors used a spell-based, or hazard rate approach in
their work. They focused on individual spells of poverty—consecutive years in
which total household money income was less than the poverty line—and estimated
the probability of ending these poverty spells, allowing for duration dependence in
the hazard rate. This study offered several advantages over previous research. First,
right-censored spells, those in progress at the end of the sample period, are easily
incorporated into hazard rate models. Persons who remain in poverty through the
end of the sample contribute to the estimation of exit probabilities (through the de-
nominator of the exit rate) in all years through the censored year. Second, the spells
approach easily incorporates poverty transitions involving changes in household
structure, and provides a way to highlight the events associated with transitions into
and out of poverty. Third, while Bane and Ellwood did not explore temporal changes
in poverty exit rates, their approach is well suited to examination of the effects of
time-varying factors on poverty persistence. Finally, Bane and Ellwood derived a
variety of distributions based on the estimated exit rates, and clarified differences
between the length of time in poverty for a person currently poor, and for someone
just entering poverty. The findings of this study emphasized that, while most of those
who fall into poverty will experience a short spell, the bulk of those currently poor
are in the midst of a lengthy stay in poverty.

Despite these advantages, a major drawback of the Bane and Ellwood study is its

3. Gottschalk (1982), for example, estimates the percentage of married males with permanently low earn-
ings using similar techniques.

4. One example is Duncan and Rodgers (1991) who apply components-of-variance techniques to the
income-to-needs ratios for samples of black and white children. Similarly Duncan (1983) estimates
permanent-transitory models for six-year samples of men, women, and children. Neither of these studies
uses the estimated parameters to derive distributions of time spent in poverty.
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focus on single spells.’ Particularly in the years just after an exit from poverty, indi-
viduals are likely to fall back below the poverty line. I find that half of all individuals
ending a poverty spell in a given year will again have incomes below the poverty
line within four years. This results in a very different distribution of total years spent
below the poverty line than is implied by an analysis of single spells, as I show
below.b

In this paper I begin by developing a discrete-time hazard framework to account
for multiple spells of poverty, and use this framework to derive estimates of total
time poor. Although either the spells framework or a components-of-variance model
could serve as a starting point for this examination of poverty dynamics, I begin with
the spells approach for several reasons. For consistency with ‘official’’ definitions of
poverty, and to account for important differences in welfare across households of
different sizes with the same total income, I use the income-to-needs ratio, or total
household income relative to a size-adjusted minimum needs standard. While com-
ponents-of-variance models have been widely used and tested for earned income,’
it is less clear which, if any, existing models are applicable to the income-to-needs
ratio. Human capital theory provides some guidance in developing models for earned
income; these theories are less directly applicable to the dynamics of household
income-to-needs. Additionally, the spells approach easily allows for estimation over
a variety of age groups and household structures, and for changes in household struc-
ture over time. Variance components models have typically been estimated on homo-
geneous groups, and on households with unchanging composition. For these reasons
I begin by extending the hazard rate approach to consider poverty persistence over
multiple spells. Given the frequency with which variance components models appear
in the earnings dynamics literature, however, I supplement the hazard rate analysis
with predictions of poverty persistence based on a variance components model of
household income-to-needs.

IT1. Estimation Strategy

A. Basic Hazard Rate Model

The strategy in this paper centers around the estimation of two hazard rates: one for
leaving poverty, and one for returning to poverty. I restrict the scope of this paper
to questions of the persistence of poverty for those who ever become poor, rather

5. Bane and Ellwood did adjust their calculations to take into account some of the multiple spells that
result from very brief periods above or below the poverty line. This still left many individuals in their
sample experiencing more than one spell in the observed time frame, however. They reported that 31
percent of individuals in their sample experienced a second spell of poverty. This underestimates the true
number of repeated spells because it does not account for right-censoring at the end of the sample; individu-
als exiting poverty spells near the end of the sample period will not be observed reentering poverty before
the end of the sample.

6. The importance of multiple spells has been noted in the literature on spells of welfare receipt. See, for
example, Gottschalk and Moffitt (1994), or Ellwood (1986). The same point has not previously been made
with respect to poverty spells.

7. Even with respect to earned income among adult males, there is controversy over which models best
capture the dynamics. See Baker (1997).
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than examining the incidence of poverty for the entire population.® For now, assume
that I start with a sample of spells with known durations. Let the probability of
exiting poverty in any given year be represented by a standard logit specification.
The probability of ending a spell of poverty after d years is given by the hazard
function, A2,

D e = XpQia)
0 Ma 1+ exp(yia)

2 yau = af + X,

The subscript i indexes individuals; ¢ refers to calendar years, and d indexes duration
of the current spell. The hazard given in (1) depends on characteristics summarized
by v, Which consists of duration effects (o) and the effects of other variables in
X, that may vary across people and across time, including calendar year dummies.
The superscript p distinguishes the hazard rate for ending a poverty spell from the
hazard for ending a nonpoverty spell, shown below. The probability of observing a
completed poverty spell of length d is

d-1
(3) f(d)= |:H 1 :| |: exp(yidt) ]

s=1 1 T exp(yi) | |1 + exp(yia)

The first term in (3) represents the probability of not exiting in each of the years
prior to the dth year, and the second term is the probability of ending the spell in
year d. Some of the spells in the data will continue beyond the end of the sample
period, and these are easily incorporated into this framework. The probability of
observing a right-censored spell is

d

1
@ 1mra= Hl + exp(yia)

Once an individual has ended a poverty spell, the probability of returning to pov-
erty over the next several years can be modeled in the same way. The hazard function
for returning to poverty is similarly defined as A%,

5) AL = exp(Zig)
©) 1+ eXP(Zia)
(6) Zigt = ag + ﬁnXit

The d subscript now refers to the duration of the spell out of poverty. The hazard
for returning to poverty depends on z;,, which again consists of the effects of spell

8. In theory, I could also estimate rates of first entry (as opposed to reentry) into poverty, but have chosen
not to include first entry rates in this study. Including these rates would require that I observe individuals
from birth forward to identify their initial entry into poverty. This means that I could, at most, directly
estimate first-entry rates only up to age 22 (the length of the panel). Further, these estimates would be
based on very small samples of individuals born into the survey since 1967.
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duration (o)) and of other individual and household characteristics (X;,). The proba-
bility of a spell out of poverty lasting for d years is

d-1
(7) g(d)=[n 1 :||: exp(Zidt) :I

w1 1+ exp(zi) | [1 + exp(zia)

The contribution of a right-censored spell to the likelihood function is

d

1
8 1—-G6Gd =|I'—’_"
() ( ) s=1 1 + CXP(Zm)

These specifications are initially used to estimate, separately, exit rates from poverty
and reentry rates into poverty.

The above discussion assumes that the duration of all spells is known. This will
not be the case for left-censored of spells of poverty (and nonpoverty), or those
already in progress at the start of the sample period. If the true model were driven
only by spell duration, with no role for unobserved heterogeneity or omitted vari-
ables, estimation using only spells beginning after the start date of the sample would
give consistent estimates of poverty transition rates for the population (Heckman
and Singer 1984). In the presence of unobserved heterogeneity, however, eliminating
spells in progress at the start of the sample, will induce a form of selection bias.
Individuals who begin new spells after 1967 are likely to have higher transition
probabilities (because they have experienced at least one transition since 1967) than
the overall population. Some of those poor in 1967 will eventually be included in
the analysis; if an individual who is poor in 1967 exits an initial spell, he or she will
then be included in the estimation of the reentry hazard. Those eventually beginning a
new spell of poverty will be included in the exit rate estimation. Individuals who
are poor in 1967 and remain poor for many years, however, are selected out of the
sample entirely. This may result in over-estimation of exit rates from poverty at long
durations if the left-censored spells are not incorporated.

In results presented below I impose restrictions on the duration specification that
allow me to include left-censored spells using an analysis sample beginning in 1973.
These results show that the inclusion of left-censored spells makes little difference
to the estimated exit and entry rates. More formal techniques also exist for deal-
ing with left-censored spells. Moffitt and Rendall (1995), for example, include
left-censored spells of female headship in their analysis by integrating over all possi-
ble (unobserved) histories up to the point of censoring. Several considerations lead
me not to pursue this strategy here. First, it is unlikely that a model including both
the left-censored spells (and integrating over all possible histories) and unobserved
heterogeneity (discussed below) would be tractable. A related issue is that the model
estimated by Moffitt and Rendall conditions the hazard rates only on age and calendar
year (along with duration), both of which can be completely ‘‘backcast’” and so
contribute the necessary presample information to the likelihood function. Most of
the models I estimate include, in addition to unobserved heterogeneity, variables
such as sex and education of the household head that change over time and that
would be more difficult to specify for the left-censored spells.
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B. Unobserved Heterogeneity

The model above assumes that, controlling for duration and various observable char-
acteristics, individuals’ exit probabilities are independent across years. This will not
be true, however, in the presence of unobservable person-specific characteristics that
affect mobility out of and back into poverty. Further, once I allow for multiple spells,
it may be particularly important to control for unobservable characteristics that in-
fluence individuals’ transition rates. Allowing for correlation across an individual’s
exit and reentry probabilities over time may be necessary to accurately estimate total
years spent in poverty over an extended time period. A person who has previously
experienced a long poverty spell and then reenters poverty, for example, may be
more likely to experience a long second spell. It may also be the case that reentry
rates are related to exit rates from poverty; persons with particularly high exit rates
from poverty may also have lower reentry rates.

To better capture the correlation across individual spells, I use a method suggested
by Heckman and Singer (1984) and specify a likelihood function that allows for
correlation across an individual’s spells in and out of poverty. Although this approach
has appeared frequently in the literature, (see, for example, Ham and Rea 1987) one
additional complication here is that the heterogeneity components must enter two
types of spells.” I allow heterogeneity to enter the hazard function through intercept
terms in y and z above. Equations 2 and 6 above are modified to include an individual
specific effect:

(Qa) yu =07 + af + BX,
(6a) ziy = 0} + af + BnXit

I assume that 67 and 6" can be characterized by discrete distributions with two sup-
port points each. There are two types of people with respect to spells of poverty.
Individuals of Type 1 with respect to poverty spells occur in the population with
some probability and have an intercept term given by 6%; similarly, individuals of
Type 2 have an intercept term 64. I also allow for two types of people with respect
to spells out of poverty. Some proportion of the population have an intercept term
in Equation 6a above of 67; the remaining proportion of the population have an
intercept of 65.

Given this structure for the heterogeneity across spells in and out of poverty, the
population of individuals ever becoming poor is characterized by the joint distribu-
tion of 67 and 6". The joint distribution describing this heterogeneity is summarized
in the two-by-two table below. R, through R, are the probabilities of observing each
of the four types of individuals, with Ry + R, + R; + R, = 1 where

oy 0}
07 |R | Ry
9,21 R3 R4

9. Eberwein, Ham, and LaLonde (1997) use a similar model for spells in and out of employment.
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Each person is characterized by the vector

or
@)@=@J

Given the joint distribution specified above, the vector 6; takes on four possible
values in the population. Now, the contribution to the likelihood function conditional
on being one of these four types, 6, can be written as

nli mli

(10) Li(®p = [Hfis(d; Qk)] [(H 8is(d; Qk)> ] [1 — F(d; 601°[1 — Gi(d; 891"
s=1

s=1

The term nli represents the number of non-right-censored spells of poverty an indi-
vidual contributes to the function; m1i is the number of non-right-censored spells
out of poverty. ¢ is equal to one if the individual’s history ends with a spell of
poverty in progress and equals zero for individuals who end the period in a right-
censored spell out of poverty. Summing over these conditional probabilities, each
individual contributes to the likelihood function

4
(1) Li=> RL(®)
k=1

The likelihood function described by (10) and (11) can now be maximized with
respect to o, B, R, and 6,.

C. Interpretation of Transition Probabilities

These methods will produce estimates of transition rates out of and into poverty,
but it is also important to interpret these estimates in terms of their implications for
total time spent below the poverty line. For this I turn to microsimulation techniques,
similar to those used in Moffitt and Rendall (1995) and Gottschalk and Moffitt
(1994). The logit hazard rates specified above can be expressed in terms of the under-
lying latent index functions.

(12) ' =67 + of) + BrX, + e
(13) I"= 6! + o)+ B"X, + &

The terms 1” and I" represent latent variables such that an exit from the indicated
state (poverty or nonpoverty) occurs if the value is greater than zero, and no exit
occurs otherwise. The error terms, €7 and €" are assumed to be distributed indepen-
dently and to follow the logistic distribution. Each individual has a fixed value of
0, distributed across the population according to the estimated probabilities R;.
Given estimates of 0, R, o, and [, the above equations can be used to simulate
the distribution of time spent below the poverty line for a group of individuals just
falling into poverty. The error terms are generated by random draws from the logistic
distribution. Using the estimated coefficients on observable characteristics, multiyear
sequences of poverty status are simulated for 10,000 individuals just beginning a
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poverty spell. An exit occurs if I” is greater than zero, and in the next period the
possibility of returning to poverty is simulated in the same manner.

IV. Data and Samples

The data for this study come from the 1968 through 1989 interview
years of the Panel Study of Income Dynamics, and correspond to calendar years
1967 through 1988.!° The PSID collects data on household and individual earnings,
income, family composition and labor market status, along with other characteristics.
All persons are included in the analysis in each year they are present in the sample,
including those who leave prior to the end of the survey.!! Sample sizes are shown
in Table Al. Because I use only years 1973 through 1988 in the analysis including
left-censored spells, sample sizes for these years are shown as well. The unit of
analysis in the hazard rate estimation is the individual, although the poverty definition
relies on each individual’s household income-to-needs level. This is necessary to
allow for individuals to move from one household situation to another over time.
Table A2 provides sample means for the individuals in spells of poverty and spells
out of poverty.'?

The definition of poverty follows the official Census Bureau poverty line. Individ-
uals are considered poor in any year that their total household money income is less
than the appropriate needs standard for their household size. The needs standard for
the poverty cutoff is defined as 1.25 times that used in the Census Bureau poverty
guidelines. This definition is commonly used by researchers working with PSID data
and is meant to account for the consistently higher reported income in the PSID than
in Census Bureau data.

Finally, as is well known, the PSID is not a random sample; the original survey
oversampled low-income households. This selection based on poverty status means
that all estimates must be weighted to consistently estimate population parameters.
All of the hazard model results reported below are weighted using the PSID sample
weights. This weighting, and the clustered sample design of the PSID, mean that
traditional standard error estimates will be biased. To correct for this bias, standard
errors are estimated using the method of balanced repeated replications (see Kish
and Frankel 1970); these methods are discussed in more detail in the Appendix.
Another source of bias in traditional standard error estimates is that I use multiple

10. For most of the results presented, only data for calendar years 1969 forward are included in the estima-
tion. Data for the first two years of the sample are not used since, initially, only spells starting after the
beginning of the sample are included. Left-censored spells are later incorporated, using only the data from
1973 forward.

11. One group not included in the sample is individuals joining the survey after 1967 through marriage
or other movements into existing survey households. These individuals are considered ‘‘non-sample’’
persons by the PSID. Since the PSID sample and weights are designed to be representative without includ-
ing these nonsample persons, I do not include them in the analysis. In contrast, people who are born to
original PSID sample members are included.

12. To interpret the means in Table A2 correctly, note that they are calculated over all person-years in
and out of poverty. Average income in poverty spells, for example, represents the average over the stock
of all individuals currently poor. Individuals in spells of poverty contribute to this average in each of the
years they remain poor.
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individuals from the same household and so observations within households are not
independent. The techniques to address problems associated with the clustering in-
duced by the survey design will also correct for this lack of independence within
families.

V. Results from the Hazard Rate Model

A. Without Unobserved Heterogeneity

To establish the broad patterns of exit from and reentry into poverty, I first present
simple estimates of the exit and reentry rates controlling only for duration of the
spell and race.'® Table 1 shows hazard rates based on the logit models including
only duration terms, estimated separately for blacks and whites.'* As expected, both
exit and reentry rates decline substantially with duration. The probability of ending
a poverty spell after one year poor is .53; after four years in poverty the exit rate
is .23. The reentry rates show the substantial risk of returning to poverty and the
importance of multiple spells. Among blacks, the probability of returning to poverty
after one year out is more than a third. Even through the sixth year out of poverty,
blacks have reentry rates in excess of .10. Differences by race show the greater
persistence of poverty among blacks, as the consequence of both lower exit rates
and higher reentry rates. Standard error estimates in Table 1 (and in Tables 2 through
5) are calculated using balanced half-sample techniques, and are more fully described
in the Appendix.?

A more useful way to view the transition rate estimates is in terms of their implica-
tions for the number of years spent poor. The estimated transition rates from Table
1 are used to simulate the number of years spent poor over the next ten years. The
first column of Table 2 shows the distribution of years spent poor in single spells
of poverty, calculated using only the exit rates, and not taking multiple spells into
account. Column two uses both the exit and reentry rates to simulate years spent
poor over multiple spells. These table entries are probabilities that a person just
falling into poverty will be poor for the given number of years out of the next ten.
The final column of Table 2 comes from observing cohorts of persons in the data
who enter poverty during each of the years from 1968 through 1979, and counting
years poor over the next ten years. This is a slight modification of the technique of
directly tabulating observed years in poverty discussed in Section II, conditioning

13. The results presented here are for ‘‘whites’” and ‘‘blacks.”” The black subsample includes very small
numbers of other races as well. The results are not sensitive to dropping these individuals from the sample,
or, alternatively, including them in the whites category. Sample sizes are too small for a separate analysis
of this group.

14. Estimation with only the duration terms produces estimates identical to those resulting from nonpara-
metric estimation in which the number of persons ending a spell after exactly d years poor is divided by
the total number poor (or nonpoor for the reentry hazard) for at least d years.

15. The standard errors resulting from this method are typically two to two and a half times as large as
those calculated without correcting for the nonindependence of observations. This ratio is larger than that
typically reported by individuals correcting for ‘‘design effects’” using the PSID data (see Hill 1981, for
example) because use of multiple family members from the same household causes an additional source
of ““clustering’’ and an additional source of bias in conventional standard error estimates.
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Table 1
Exit and Reentry Rates by Duration and Race (1969-88)
Exit Rates Reentry Rates
Duration
(years) All Blacks Whites All Blacks Whites
1 0.53 0.42 0.57 0.27 0.35 0.23
(0.011) (0.017) (0.013) (0.010) (0.017) (0.011)
2 0.36 0.32 0.38 0.16 0.23 0.14
(0.014) (0.021) (0.019) (0.010) (0.020) (0.011)
3 0.27 0.20 0.31 0.11 0.13 0.10
(0.016) (0.017) (0.025) (0.009) (0.013) (0.012)
4 0.23 0.17 0.27 0.09 0.11 0.08
(0.014) (0.026) (0.022) (0.007) (0.016) (0.010)
5 0.19 0.15 0.22 0.08 0.10 0.07
(0.020) (0.022) (0.028) (0.008) (0.015) (0.009)
6 0.16 0.13 0.19 0.07 0.12 0.05
(0.018) (0.024) (0.024) (0.008) (0.025) (0.011)
7 0.15 0.15 0.15 0.06 0.05 0.06
(0.029) (0.036) (0.040) (0.009) (0.011) (0.011)
8 0.13 0.08 0.17 0.04 0.04 0.04
(0.022) (0.014) (0.045) (0.010) (0.008) (0.013)
9 0.12 0.08 0.16 0.05 0.07 0.05
(0.022) (0.022) (0.046) (0.009) (0.029) (0.009)
10 0.11 0.10 0.12 0.04 0.04 0.04

(0.015) (0.018) (0.035) (0.004) (0.007) (0.005)

Note: Standard error of hazard rate in parentheses.

on entry into poverty to avoid problems with censoring of spells in progress. These
direct tabulations provide a useful benchmark for evaluating the accuracy of the
hazard model.

The distributions in columns one and two of Table 2 illustrate the difference be-
tween single and multiple spell measures of the persistence of poverty. The distribu-
tion of single spell lengths suggests that a considerably larger proportion of the popu-
lation will experience short stays in poverty than do the other columns. Comparing
columns two and three shows the extent to which the simple hazard models capture
the observed distribution of years poor following entry. The simulated distributions
of years poor over multiple spells differ from those based on directly tabulating
years poor. In particular, the simulated distributions consistently underestimate the
proportion of individuals who will be poor for very few years. This is not surprising,
given the absence of controls for any observables beyond spell duration and the
simple manner in which multiple spells have been combined. By controlling for
important observable characteristics, as well as for unobserved heterogeneity, in the
following sections, the hazard model can better capture observed patterns. Despite
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Table 2

Distribution of Years in Poverty—Single Spells and Multiple Spells

Years in  Distribution of Single

Percent of Years

Poor Out of

Percent of Years

Poor Out of

Poverty Spell Lengths Next Ten—Simulated ~ Next Ten—Actual
Total Sample
1 52.5 17.5 29.5
2 172 15.5 14.7
3 8.2 13.9 11.7
4 5.0 11.9 93
5 32 9.8 6.2
6 22 7.8 7.3
7 1.8 6.4 55
8 1.2 52 5.0
9 1.0 44 5.7
10 7.7 7.6 52
100.0 100.0 100.0
Blacks
1 41.8 9.9 17.7
2 18.5 9.8 10.8
3 8.0 10.1 10.5
4 54 10.6 7.5
5 3.9 9.9 6.8
6 29 9.5 9.4
7 29 9.3 7.4
8 1.4 8.8 8.1
9 1.2 7.8 10.7
10 14.0 14.0 11.0
100.0 100.0 100.0
Whites

1 57.0 213 33.8
2 16.6 18.1 16.0
3 8.2 15.2 12.2
4 4.9 12.1 10.0
5 3.0 9.4 59
6 1.9 6.9 6.5
7 1.3 5.1 4.8
8 1.2 39 39
9 0.9 3.2 3.9
10 5.0 5.0 3.9
100.0 100.0 100.0
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this divergence, however, the picture of total time spent poor based on the multiple
spell exit and reentry rates is a much better predictor of observed poverty persistence
than are the results based on single spells. The means of the distributions in Columns
2 and 3 are 4.4 and 4.0 years, compared to a mean duration of single spells of just
2.7 years.

To introduce additional covariates into the hazard functions, I next estimate the
exit and re-entry rates using the logit framework described above. Tables 3 and 4
contain the estimated coefficients from the logit estimation. These estimates are
based on models that include controls for calendar year, age, education of the house-
hold head, and sex of the household head, in addition to the duration terms.!s In
PSID terminology the male is the default ‘‘head of household’’ and so a female
head in this context is equivalent to a single female head of household. I initially
allow separate duration effects for durations of one to nine years, and another for
durations of ten years or more. The predicted hazard rates based on these logit esti-
mates can be derived by substituting the estimated coefficients into the hazard func-
tions given in Equations 1 and 5.

The results in Tables 3 and 4 show that characteristics of individuals and their
families affect the probabilities of exiting and returning to poverty in predictable
ways. The education level of the household head and whether the household is
headed by a single female have large impacts on the exit and reentry rates. The
effect on exit rates of being in a female-headed household is summarized by a logit
coefficient of —.77 for the overall sample. This translates into hazard rates for leaving
poverty after one year of .39 for those in female-headed households, compared with
.58 for those in households with male heads. The effect of female headship on reentry
probabilities is large as well. After one year out of poverty, those in households
headed by women have a reentry probability of one-third; the comparable figure for
those in male-headed households is just under one-fifth. The impact of female head-
ship and educational levels are more fully illustrated below using microsimulations
to derive distributions of time in poverty by individuals with different characteristics.

The coefficient estimates also illustrate age-related patterns of poverty transitions.
Exit rates from poverty are lowest for young children and peak at ages 18 through
24, reflecting the fact that many poverty transitions involve household structure
changes that are common during early adulthood. Exit rates fall for individuals aged
55 and over. Reentry rates follow the reverse pattern, reaching a minimum for adults
ages 25 to 34.

Variation in the hazard rates by year is also shown in Tables 3 and 4. The year-
to-year differences in the hazard rates partially reflect changes in overall economic
conditions. During the recession of 1975, for example, the exit rate falls from .62
to .51 and the reentry rate is higher than average. Such variations across years are
due to both business cycle influences and longer term trends. Over time, there has
been a slight downward trend in exit rates, controlling for aggregate business cycle
conditions. For example, the rate of GNP growth was 2.5 percent in 1979 and a
slightly higher 2.7 percent in 1986; the exit rates from poverty (at a duration of 1

16. Models were also estimated with a variety of interaction terms, as well as a few additional characteris-
tics; estimated coefficients for these terms were generally not significant.
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Table 3
Exit Rate Logit Coefficients by Race

All Blacks Whites
Duration
1 0.32 (0.14) 0.08 (0.23) 0.40 (0.15)
2 -0.32 (0.18) —0.28 (0.28) —0.35 (0.19)
3 —-0.76 (0.16) —0.83 (0.26) —0.73 (0.17)
4 —-0.94 (0.19) —1.06 (0.33) —0.87 (0.19)
5 —1.13 (0.18) —1.21 (0.28) —1.07 (0.21)
6 —1.29 (0.20) —1.34 (0.29) —1.19 (0.22)
7 —1.34 (0.23) —1.20 (0.31) —1.44 (0.31)
8 —-1.49 (0.24) —1.87 (0.30) —1.21 (0.36)
9 —-1.56 (0.28) —1.82 (0.37) —1.31 (0.44)
10 or more —1.68 (0.21) -1.63 (0.30) —1.64 (0.39)
Education > = 12 0.39 (0.07) 0.44 (0.11) 0.33 (0.08)
Female head —=0.77 (0.07) -—0.81 (0.11) —0.63 (0.08)
Age
0-5 —0.43 (0.06) —0.48 (0.11) —0.33 (0.06)
6-12 —0.20 (0.06) —0.24 (0.06) —0.19 (0.07)
13-17 —0.15 (0.08) —0.12 (0.08) —0.15 (0.11)
18-24 0.22 (0.05) 0.28 (0.10) 0.20 (0.24)
34-44 0.03 (0.09) 0.16 (0.14) —0.03 (0.09)
45-54 0.12 (0.07) 0.07 (0.12) 0.11 (0.10)
55 or older —0.19 (0.08) 0.03 (0.16) —0.35 (0.10)
Year
69 —0.21 (0.40) 0.72 (0.38) —0.72 (0.57)
70 0.24 (0.25) 0.49 (0.39) 0.13 (0.31)
71 0.49 (0.23) 0.48 (0.36) 0.49 (0.28)
72 0.31 (0.20) —0.20 (0.36) 0.47 (0.21)
73 0.55 (0.20) 0.32 (0.35) 0.69 (0.24)
74 0.23 (0.20) 0.19 (0.29) 0.26 (0.25)
75 —0.23 (0.18) —0.17 (0.30) —0.24 (0.20)
76 0.37 (0.21) 0.11 (0.36) 0.52 (0.23)
77 0.02 (0.21) —0.23 (0.27) 0.14 (0.21)
78 0.20 (0.18) 0.17 (0.29) 0.23 (0.20)
79 0.27 (0.20) 0.23 (0.25) 0.29 (0.26)
80 —0.34 (0.20) —0.23 (0.31) —0.40 (0.22)
81 —0.24 (0.19) -0.73 (0.32) —0.06 (0.23)
82 -0.39 (0.16) —0.47 (0.25) —0.36 (0.17)
83 —-0.22 (0.15) —0.48 (0.24) —0.11 (0.16)
84 0.12 (0.19) —0.02 (0.26) 0.19 (0.20)
85 —0.21 (0.15) —0.33 (0.23) —0.14 (0.21)
86 —-0.00 (0.19) —0.31 (0.29) 0.13 (0.19)
87 —0.10 (0.18) —0.36 (0.31) 0.01 (0.18)

Note: Standard errors of logit coefficients in parentheses.
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Table 4
Reentry Rate Logit Coefficients by Race
All Blacks Whites
Duration
1 —1.43 (0.09) —1.16 (0.22) —1.57 (0.13)
2 —2.07 (0.13) —1.69 (0.23) —2.25 (0.15)
3 —2.42 (0.13) —2.29 (0.23) —2.49 (0.17)
4 —2.66 (0.12) —2.48 (0.23) —2.74 (0.18)
5 —2.80 (0.10) —2.50 (0.18) —2.93 (0.15)
6 —-2.96 (0.13) —2.36 (0.23) —3.25 (0.23)
7 —3.05 (0.17) —3.23 (0.24) —3.03 (0.20)
8 —3.38 (0.20) —3.34 (0.22) —3.41 (0.26)
9 —3.13 (0.16) —2.77 (0.44) —3.30 (0.19)
10 or more —3.49 (0.13) —3.44 (0.20) —3.53 (0.16)
Education > = 12 —0.38 (0.06) —0.56 (0.11) —0.28 (0.08)
Female head 0.74 (0.07) 0.86 (0.09) 0.61 (0.08)
Age
0-5 0.61 (0.08) 0.59 (0.10) 0.59 (0.11)
6-12 0.48 (0.07) 0.38 (0.09) 0.52 (0.09)
13-17 0.47 (0.08) 0.33 (0.15) 0.52 (0.09)
18-24 0.18 (0.06) 0.09 (0.10) 0.20 (0.09)
34-44 0.17 (0.07) 0.01 (0.15) 0.23 (0.08)
45-54 0.14 (0.10) —0.16 (0.15) 0.26 (0.12)
55 or older 0.32 (0.07) 0.12 (0.11) 0.46 (0.08)
Year i
69 —0.97 (0.28) —1.06 (0.35) —0.89 (0.40)
70 —0.33 (0.24) —0.35 (0.30) —0.31 (0.40)
71 0.02 (0.24) —0.06 (0.34) 0.08 (0.28)
72 —0.26 (0.15) 0.14 (0.25) —0.49 (0.18)
73 —0.39 (0.14) —-045 (0.26) —0.31 (0.20)
74 0.35 (0.14) 0.40 (0.21) 0.34 (0.20)
75 0.05 (0.13) 0.24 (0.23) —0.07 (0.19)
76 0.00 (0.14) 0.07 (0.24) —-0.01 (0.19)
77 —0.11 (0.16) 0.27 (0.25) —0.28 (0.19)
78 —0.09 (0.15) 0.03 (0.21) —0.12 (0.17)
79 —0.11 (0.15) —0.20 (0.25) —0.07 (0.20)
80 0.15 (0.13) 0.06 (0.23) 0.18 (0.17)
81 0.21 (0.15) 0.14 (0.26) 0.25 (0.18)
82 0.32 (0.14) 0.38 (0.24) 0.31 (0.18)
83 0.15 (0.13) 0.33 (0.15) 0.08 (0.18)
84 0.03 (0.11) 0.43 (0.18) —0.09 (0.14)
85 0.20 (0.13) 0.04 (0.24) 0.06 (0.16)
86 —0.06 (0.14) —0.06 (0.25) —0.06 (0.17)
87 —0.13 (0.16) 0.14 (0.19) —0.21 (0.20)

Note: Standard errors of logit coefficients in parentheses.
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year) in these years, however, were .64 and .58."" The reentry rates over time show
less of a trend, and also display a weaker relationship with the state of the economy.

B. Left-Censoring

The results presented so far have been based on spells of poverty that begin after
the start of the sample. As noted above, ignoring left-censored spells can introduce
a source of bias into the hazard rate estimates. I next examine the sensitivity of these
estimates to left-censoring of spells in progress at the start of my sample. Specifically,
I modify the duration specification so that left-censored spells can be incorporated.
First, I reduce the number of separate duration terms in the hazard rates from ten
to six. Given the estimates of the duration terms reported in Tables 3 and 4, this is
a reasonable restriction. Beyond six years, the hazard functions estimated separately
for blacks and whites begin to fluctuate and the duration terms no longer decline
monotonically. A Wald test confirms that for both blacks and whites the hypotheses
of equality of the duration terms beyond six years cannot be rejected. Using this
specification, I can now estimate the model using data from 1973 through 1988. In
1973, I observe whether each person has been poor in the previous six years (since
1967), and so can use all poverty spells currently in progress in the estimation, in-
cluding those that began prior to the start of the sample and now have durations of
SiX years or more.

Inclusion of the left-censored spells makes remarkably little difference to the esti-
mated transition probabilities. The predicted exit rates for durations of six years or
longer are .15 and .16 with and without the left-censored spells, with standard errors
of approximately .01. Estimated re-entry rates with and without the left-censored
spells of six years or more are .03 and .02."® Overall, the bias from omitting left-
censored spells appears to be extremely small.”” For the remainder of the paper I
include the left-censored spells of poverty in the analysis and specify the duration
terms in this way.

C. Correlation Across Spells

I next examine the correlation of exit and reentry rates across spells by incorporating
unobserved heterogeneity into the exit and reentry hazards. The likelihood function
given in Equations 9-11 is maximized with respect to the parameters of the hazard

17. These year effects can be more formally decomposed by regressing the estimated year effects on a
trend term and a business cycle indicator. These results are discussed in Stevens (1994, 1995).

18. The left-censoring issues are slightly different in the case of spells out of poverty. The nonpoor popula-
tion in 1967 consists of two unobservable groups—those previously poor and those never poor. By using
all individuals not poor in 1967 (left-censored spells out of poverty), I include a large number of individuals
with no previous poverty spells. Despite this over-correction in the case of left-censored spells out of
poverty, estimated rates of entry into poverty are only modestly affected and I do not include the left-
censored nonpoverty spells in the rest of the analysis.

19. An alternative examination of the importance of left-censoring was also performed. I used all nonleft-
censored observations to estimate the model with ten duration terms allowed, along with age and calendar
year variables. I then artificially left-censored this sample at 1973 and eliminated those spells that were
in progress in 1973. The comparison of samples left-censored in 1968 and in 1973 showed virtually no
effect of the additional left-censoring.
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functions and the parameters of the discrete distribution of the heterogeneity terms.
Table 5 shows the estimated parameters. Because I have included a full set of dura-
tion dummy variables, one of the support points of the heterogeneity distribution is
normalized to zero. This model was estimated with and without calendar year effects;
results shown in Table 5 do not include calendar year terms. Inclusion of year effects
does not alter the estimated heterogeneity or other parameters.

Initially, as described in Section III, I allowed the heterogeneity terms with respect
" to exit and reentry to be freely correlated with one another, so that there were four
possible types in the population. In the case of whites, the estimation indicated that
the probabilities corresponding to two of the four cells in the table were virtually
zero. I thus restricted the heterogeneity terms to allow for only two types of individu-
als in the case of whites.”> When the parameters are not interior to the parameter
space, the asymptotic normality of the maximum likelihood estimator can no longer
be established, and so standard error estimates from the maximum likelihood estima-
tion will be invalid (Heckman and Walker 1990). Standard errors for whites shown
in Table 5, like those in previous tables, are based on balanced half-sample replica-
tions that do not rely on the estimator’s asymptotic normality.

The estimated distribution of the heterogeneity terms has most of the mass of the
distribution (96 percent) at one support point. Exit rates corresponding to this support
point for the reference group (adults in households headed by males with less than
a high school education) are .64 in the first year of a poverty spell and decline to
around .28 after six or more years in poverty. Reentry probabilities for this group
range from .17 in the initial year out of poverty to .04 after six or more years out. The
other support point occurs with a probability of just four percent, and corresponds to
very low probabilities of escaping poverty, ranging from .25 to .07 for the reference
group. The probability of returning to poverty among individuals of this ‘‘type’’ is
very high, starting at .86 in the initial year following a poverty spell, and declining
only to .55 after six or more years.

The estimated heterogeneity parameters for blacks in Table 5 show a different
pattern. Forty-four percent of blacks are estimated to have relatively high exit rates
and low reentry rates. For this group, exit rates range from .63 after one year in
poverty to .28 after six or more years; reentry rates range from .24 to .06. These
rates are very close to the estimated transition rates for the bulk of the white popula-
tion noted above. At the other extreme, 14 percent are estimated to have low rates
of exit and high rates of reentry. Relative to whites, the heterogeneity distribution
for blacks suggests that a substantially larger proportion of the black population
falling below the poverty line (14 versus 4 percent) will face extremely persistent
poverty. Another difference in poverty dynamics for blacks is that a third category
makes up a substantial part of the overall population. Forty-two percent of blacks
are estimated to have low exit rates, but also low rates of reentry. This group experi-
ences long spells of poverty, but does not face the extremely high reentry probabili-
ties consistent with permanent poverty. The estimated standard errors show that the

20. Cutler (1995) takes a similar approach in estimating a joint distribution of heterogeneity terms. Spe-
cifically, he estimates the joint distribution of heterogeneity terms correlated across equations for hospital
mortality, hospital readmission, and nonhospital mortality. Cutler begins by allowing two support points
in each of his three equations, but finds that only three of the eight potential combinations of these support
points across the equations occur with a probability greater than zero.
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Table 5
Coefficients from Maximum Likelihood Estimation of Hazard Rates with
Unobserved Heterogeneity

Blacks Whites
Spells Out Spells in Spells Out Spells in
of Poverty Poverty of poverty Poverty
Duration (years)
1 -1.15 —0.33 1.80 —1.08
0.02) (0.03) 0.25) (0.18)
2 —1.56 —0.64 1.17 —1.78
0.17) (0.06) 0.22) (0.19)
3 —2.12 -1.17 0.97 —2.16
(0.12) (0.31) (0.26) 0.21)
4 —2.32 -1.36 0.77 —2.24
(0.03) 0.07) 0.23) (0.19)
5 —2.24 —1.49 0.56 —2.36
(0.08) (0.16) (0.28) 0.25)
6 or more =2.75 —1.78 0.20 —2.62
(0.05) (0.06) (0.23) 0.22)
Age
<6 0.72 —0.51 0.43 —0.36
(0.03) (0.02) (0.13) (0.10)
6-17 0.36 -0.27 0.36 -0.14
(0.03) 0.02) (0.06) (0.06)
18-24 —0.09 0.25 0.10 0.20
(0.01) (0.05) 0.07) (0.05)
>54 -0.27 —0.14 0.28 —0.40
(0.14) (0.01) (0.08) (0.08)
Female head 0.88 —0.85 0.68 —0.74
(0.06) (0.10) (0.08) (0.10)
High school or more —1.03 0.27 —0.26 0.32
(0.16) (0.26) (0.09) (0.06)
08 0.85 1.66
(0.10) (0.20)
o1 1.80 -3.36
0.41) 0.21)
04 0 0
05 0 0
R1 (83, 0%) (0 0.96
(0.04)
R2 (0%, 8%) 0.44 0
(0.38)
R3 (03, 87) 0.14 0
(0.22)
R4 (83, 8%) 0.42 0.04
(0.43) (0.04)

Note: Standard errors in parentheses.

a. Probabilities for four support points were initially included in the model. The indicated probabilities,
however, were estimated to be zero. The estimation was then performed restricting the probabilities of
these “‘types’’ to be equal to zero.
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probabilities associated with the heterogeneity distributions are very imprecisely esti-
mated.

For the results for blacks in Table 5 the estimation of standard errors using the
balanced half-sampling procedure was not successful. To obtain an efficient estimate
of these standard errors requires performing the maximum likelihood estimation 32
times on selected half-samples. In the case of blacks, convergence was not achieved
in nine of the 32 half-sample estimates. As an alternative, the standard errors reported
in Table 5 are based on half-sample parameter estimates across only eight randomly
chosen half-samples. As shown in Wolter (1985), any particular half-sample estimate
of a parameter, B, can be used to form an approximately unbiased estimate of the
variance of P (the full sample parameter estimate) by taking the squared deviation
of B, from B. Such variance estimates will not be as precise as those based on the
fully balanced replication procedure and the standard errors reported for blacks in
Table 5 should be interpreted with caution.

Finally, I also attempted to allow additional support points in the heterogeneity
distribution, proceeding in two steps. First, I separately estimated hazards for spells
in poverty and for spells out of poverty, increasing the support points for the hetero-
geneity distributions in each type of spell from two to three. In the hazard for ending
poverty spells, inclusion of three support points slightly improved the maximum of
the likelihood function, for both whites and blacks. Second, I used the three support
points from the separate poverty spell estimation (and two support points from the
nonpoverty spells) as starting values in the joint estimation of poverty and non-
poverty spells. This estimation was unsuccessful, however. These models either
failed to converge or resulted in estimated probabilities of zero for the additional
combinations of support points.

Given the estimation difficulties associated with the non-parametric heterogeneity
distributions, I have also examined the sensitivity of these results to the inclusion
of unobserved heterogeneity and to alternative specifications of the relationships
across individual spells. One alternative method to specify relationships across sepa-
rate spells is to include terms for lagged duration dependence. Results from estima-
tion of the exit and reentry hazards that control for the length of previous spells
confirm that those experiencing long stays in poverty are more likely to return to
poverty. Among blacks, for example, approximately half of all individuals ending
a short poverty spell remain out of poverty for at least five years. For those experienc-
ing longer spells, however, only 37 percent stay above the poverty line for at least
five years. In addition to influencing reentry probabilities, the length of the poverty
spell also affects the duration of subsequent spells for those experiencing two or
more spells of poverty. The expected poverty spell length for individuals with a
previous spell of less than five years is 2.3 years for whites and 3.9 years for blacks.
For those with a previous spell of five years or longer, the expected durations of
poverty spells for whites and blacks are 4.8 and 5.6 years.

It is generally not possible to separately identify heterogeneity from structural
duration dependence or lagged duration dependence. My motivation for estimating
these models with both the heterogeneity and lagged duration dependence is to accu-
rately capture patterns of poverty persistence. No structural interpretation for either
the heterogeneity or the duration dependence is intended. To examine whether the
choice of how to model correlation across spells affects the estimated persistence
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of poverty, I have simulated distributions of time in poverty using parameters from
three different specifications: models based on individual spells of poverty with no
unobserved heterogeneity (summarized in Tables 3 and 4); those including unob-
served heterogeneity (Table 5); and those described above including terms for length
of previous poverty spells and previous spells out of poverty. The three sets of param-
eters resulted in virtually identical distributions of time spent in poverty. Neither the
unobserved heterogeneity distributions nor the presence of lagged duration depen-
dence substantively changed my predictions of time spent in poverty, conditioning
on (current) spell duration and a small set of observable characteristics. The esti-
mated times in poverty presented in the remainder of the paper are for those based on
the parameters shown in Table 5, including the unobserved heterogeneity parameters.

Table 6 illustrates how poverty persistence varies with age, race, and the house-
hold head’s level of education. For two age groups beginning a stay in poverty at
birth, and at age 20, mean time in poverty and the percentage spending more than
half of the next ten years poor are shown by sex and education of the household
head. Among children, shown in the upper portion of the table, for example, the
mean years poor varies from 3.3 out of the next ten for whites in households headed
by a male with at least a high school education to 8.3 of the next ten for blacks in
households headed by a female with less than a high school education. Poverty is
an extremely persistent state for those in female-headed households, and for those
in households where the head does not have a high school education. Nearly 90
percent of black children in the low-education, female-head category who fall below
the poverty line will be poor for six or more of the next ten years.

The effects of female headship shown in Table 6 are large, and this is partially
a function of the simulation being performed in this table. The contrast between
male- and female-headed households captures differences between individuals re-
maining in a male- or female-headed household over the entire ten year period. In
the case of female headship, in particular, holding constant headship status over such
a lengthy period may not be realistic.”! Distributions can also be calculated based
on alternative profiles of female headship over the period. Suppose, for example,
that a child is born into poverty and spends only the first three years of life in a
female-headed household, and the following seven years in a two parent household.
The estimated average time spent in poverty in this case is 5.2 years for whites
(where the head has less than a high school education) and seven years for blacks.
This can be compared with four years (for whites) and six years (for blacks) among
children who spend no time in a female-headed family. Even a short time period
spent in a female-headed household significantly increases poverty persistence.

VI. A Components-of-Variance Approach to the
Measurement of Poverty Persistence

As noted in Section II an alternative approach used to study poverty
dynamics is the estimation of parameters of a time series process describing earnings

21. Persistence of female headship for ten years is unusual for white women, but not unusual among
blacks. Among black female heads in my sample starting a poverty spell, more than half of those observed
for the next ten years remain female heads the entire time.
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Table 6
Expected Years in Poverty by Age and by Education and Sex of Household Head

Blacks Whites

Percent Poor Percent Poor

Mean Years More Than Mean Years More Than

Poor Over  Five of Next Poor Over  Five of Next
Next Ten Ten Years Next Ten Ten Years

Starting age = 1
Male household head
Less than high 5.99 55.6% 4.04 27.6%
school
High school or 4.35 33.3% 3.25 16.7%
more
Female household
head
Less than high 8.30 89.5% 6.44 63.0%
school
High school or 6.96 68.9% 5.41 47.3%
more
Starting age = 20
Male household head
Less than high 3.93 26.4% 2.93 13.0%
school
High school or 2.65 11.2% 242 7.7%
more
Female household
head
Less than high 6.52 64.1% 4.92 39.6%
school
High school or 4.81 39.1% 3.99 26.4%
more

or income dynamics. These estimated parameters can then be used to derive state-
ments about poverty persistence. In this Section I implement such an approach and
compare the results to those from the hazard model.

Components-of-variance models were first used to study poverty or low-earnings
status by Lillard and Willis (1978). Since that time many variations of this basic
approach have appeared in the literature. The implementation here differs from much
previous work in that the dependent variable used is the log of the income-to-needs
ratio, rather than individual earnings or income. Another difference from Lillard and
Willis and some other authors involves the estimation method. Recently components-
of-variance models have been estimated not by maximum likelihood, but by a gener-
alized method-of-moments approach that minimizes the distance between the sample
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covariances and their population counterparts (Abowd and Card 1989, Baker 1997).
The newer approach avoids the previous literature’s assumption that the variance
components are normally distributed. I use this approach and estimate the variance
components using an equally weighted minimum distance estimator.*

Initially following Lillard and Willis’ (1978) model for individual earnings, sup-
pose that the evolution of the income-to-needs ratio over time can be summarized
by the following equations:

14) Y, =XP + ¢
(15) & = o; + uy
(16)  uy = pu;,1 + vy

Y, is the log of the income-to-needs ratio; X, contains terms for age and year effects
(and potentially other variables); and the error term consists of a person-specific
component (0;) and a transitory term that follows an AR(1) pattern.
The model summarized by (14)—(16) implies a particular form for the population
covariances of g;. Specifically,
pll—SI ) pll—SI
(17) cov(e,, €;) = var(o,) + —— var(v,) = 63 + ——0?
1—p? 1-p?
The unique elements of the population covariance matrix can be represented by the
column vector f(62, p, 62). Let the elements of the estimated covariance matrix be
similarly arrayed into a column vector c. This matrix is formed from the residuals
of separate regressions by year of the log of the income-to-needs ratio on age and
age squared, as well as race, education and sex of the household head (for compara-
bility with the hazard model results).> The estimated covariance matrix is included in
the appendix as Table A3. The parameters of the model are estimated by minimizing

(18) (¢ = f(o3, p. 67))'(c — f(O% p, G7)

with respect to 62, p and 62.

The estimated parameters of the error structure are shown in Table 7. The first
model estimated is that specified above, with an individual effect and a transitory
term that follows an AR(1) process. One shortcoming of this model is that it predicts
constant variances over time, a prediction that is inconsistent with the estimated
covariance matrix. A simple way to accommodate the nonstationarity of the vari-
ances is to allow the transitory term (v;) to have year-specific variances. The parame-
ters of this model are shown in the second row of the table. The third and fourth

22. This estimator will provide consistent, but asymptotically inefficient, estimates of the parameters. The
asymptotically efficient estimator uses the inverse of the consistently estimated variance-covariance matrix
of the second moments as a weighting matrix. It has been common in the recent literature, however, to
use the identity matrix (equal weights) instead. This is because of the potential singularity of the estimated
variance-covariance matrix, and its poor small sample properties (Baker 1997). Abowd and Card (1989)
show that the optimally weighted estimator may produce misleading estimates, particularly in the case of
poorly fitting models.

23. The sample contains the nonrandom portion of the PSID and so both the first-stage regressions and
the calculation of the covariances use sample weights. I have also performed the analysis using only the
random sample portion of the PSID without weights and obtained similar results. Lillard and Willis (1978)
and Baker (1997) use only the random portion of the PSID. Abowd and Card (1989) show results for
samples with and without the non-random portion, and find the two to be similar, as I do here.
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Table 7
Estimated Variance Components

Var(o) Var(A) Cov(o, L) 0 p Var(g)

(€))] 0.131 . — — 0.892 0.061
(0.010) (0.008) (0.003)

2) 0.171 —— — — 0.836 varies
(0.008) : (0.010)

3) 0.266 0.000247 —0.0064 — 0.774 0.085
(0.054) (0.000044) (0.0035) (0.020) (0.005)

4 0.351 0.000212 —0.0066 — 0.778 varies
(0.050) (0.000033) (0.0029) 0.012)

5) 0.158 — — —0.138 0.880 varies
(0.008) 0.021) (0.007)

(6) 0.449 0.000202 -0.0077 —-0.121 0.860 varies

(0.069) (0.000041) (0.0039) (0.029) (0.022)

Note: Var(ar) = variance of permanent component of income-to-needs ratio
Var(A) = variance of individual-specific slope

p = AR(1) parameter

0 = MA(1) parameter

Var(e) = variance of transitory component

rows of the table contain results from a model that contains an individual-specific
slope, as well as an individual-specific intercept.? In this model Equation 15 is re-
placed with

(153) €y = O + liage,-, + Ui

The variance of the individual-specific slope term is statistically significant in all
cases. The estimates (from Row 3) of the variance of A and the covariance of o and
A predict an increase in the cross-sectional variances of .14 from 1969 through 1988,
capturing some of the increase in the empirical variances over time. Allowing the
transitory component to vary across years has only minor effects on the other esti-
mated parameters.

The final model estimated allows the transitory component of log income-to-needs
to follow an ARMA(1,1) process, with a moving average parameter 0 along with
the autoregressive parameter p. The introduction of a moving average component
is suggested by the work of Abowd and Card (1989), who find evidence of serially
uncorrelated measurement error in earnings. The inclusion of a moving average com-
ponent here will capture a purely transitory component of the variance structure,
possibly due to measurement error in the income-to-needs ratio. These results show
a small, negative estimated value for 6, consistent with the patterns in the empirical
covariance matrix.

24. This type of model was originally proposed for earnings by Hause (1977), and has also been used by
Lillard and Weiss (1979) and Baker (1997).

579



580

The Journal of Human Resources

I next use the estimates in Table 7 to derive the expected time spent below the
poverty line. To do this, I simulate the distribution of log income-to-needs, using
the estimated variance components. I generate up to 20 years of data for individuals
starting the period at age 30, assuming normal distributions for v; and . In the
simulations based on models including an individual-specific slope, I assume that
o, and A; follow a bivariate normal distribution with the estimated variances and
covariance. These simulations hold business cycle conditions constant at the average
of the calendar year-specific intercepts from the first-stage regressions (Equation 14).
This generates a set of 20-year profiles of the income-to-needs ratio.

Because the hazard rate estimates refer to a flow-based distribution—the distribu-
tion of times poor for those just beginning a poverty spell—the predictions from
the components-of-variance models must be presented in a similar form. The simu-
lated data can be used to answer the same question as the hazard model—what is
the distribution of total years poor over the next S years for individuals just starting
a poverty spell? This is achieved by identifying each individual’s first entrance into
poverty during the simulated period. These individuals are then followed over the
next ten years, and the resulting total times in poverty calculated. Simulations were
run based on several of the models summarized in Table 7; the results discussed
below are based on the results shown in Row 5, although those based on alternative
specifications produced similar results.

As with the hazard models, I perform this exercise for eight demographic groups
based on whether the household is headed by a female, the education of the house-
hold head, and race. Resulting distributions of time spent in poverty over the next
ten years by persons just beginning a poverty spell are shown in Columns 2 and 5
of Table 8. For comparison, the table includes corresponding estimates from the
hazard model and estimates from directly tabulating total time poor for a cohort of
individuals observed entering poverty.?® A complication for the ‘‘direct tabulation’’
results is that once additional covariates are introduced into the model, sample sizes
for the direct tabulations are dramatically reduced. In order to increase sample sizes,
the direct tabulation figures are based on all adults aged 20 to 55 entering poverty,
with the given education and sex of the head. The results in Table 8 are for household
heads with less than a high school education; in the interest of brevity results for
those with more education are not shown, but the comparisons for the more educated
groups are similar. _

Table 8 shows that the hazard rate and direct tabulation results are generally con-
sistent with one another, while the variance components model produces slightly
different distributions. I focus first on the results for individuals beginning a poverty
spell in a male-headed household (and remaining in a male-headed household over
the next ten years). Among blacks all three distributions are similar, and result in a
mean time in poverty over the next ten years of 4.2 to 4.3 years. In the results for
whites, the variance components model predicts longer stays in poverty than the
other two techniques. The average time in poverty is estimated at four years by this

25. An alternative would be to condition on the actual age distribution in the sample. I use a cohort
beginning the period at a particular age for comparisons with the results of the hazard model.

26. The hazard model results here differ from those reported in the lower portion of Table 6 only by the
starting age, which is 30 in this case.
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Table 8
Comparison of Hazard Rate Estimates, Variance Components Estimates, and
Direct Tabulations

Male Head of Household Female Head of Household

Years Hazard  Variance Direct Hazard  Variance Direct
Poor Rate  Components Tabulations Rate  Components Tabulations*

Blacks
1 17.3 20.6 18.5 33 14.8 8.7
2 16.0 14.8 23.8 4.7 119 4.0
3 13.5 123 10.1 5.8 11.0 10.0
4 11.5 10.6 8.1 7.0 10.5 4.4
5 9.2 9.1 52 8.5 9.5 2.9
6 8.1 8.0 14.3 9.6 8.9 6.3
7 7.1 7.0 1.7 10.5 8.3 11.3
8 6.3 6.1 55 12.6 7.7 8.8
9 4.5 55 9.0 14.7 7.6 159
10 6.5 6.0 3.8 232 9.8 27.9
Mean 4.4 years 4.30 years 4.2 years 7.0 years 5.0 years 6.9 years
N 307 146
Whites
1 329 24.1 39.5 133 17.7 20.4
2 214 16.2 16.2 11.6 13.7 18.5
3 13.8 12.9 9.3 10.6 12.1 14.3
4 9.8 10.7 14.0 10.4 10.5 4.6
5 6.6 8.9 1.5 9.8 9.5 7.8
6 4.4 73 6.6 8.5 8.4 4.6
7 32 6.1 2.9 7.9 7.7 5.6
8 25 5.3 2.5 7.8 6.8 9.1
9 2.5 4.2 54 7.8 6.4 12.2
10 2.9 4.5 2.1 123 7.1 2.8
Mean 3.1 years 4.0 years 3.1 years 5.2 years 4.6 years 4.3 years
N 217 71

Note: Distributions shown are simulated for individuals beginning a stay in poverty at age 30, and where
the household head has less than a high school education.

a. For this category only, tabulations are based on individuals spending six or more of the ten years in a
female-headed household. All other columns hold sex of the head constant over the full ten years.
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method, compared to 3.1 years from the hazard model and direct tabulations. The
variance components model also predicts substantially longer stays in poverty than
the other two methods among more educated blacks and whites.

For individuals in households headed by females, the comparison across methods
is less straightforward. Particularly for whites in female-headed households, the sam-
ple sizes available for the direct tabulations over ten years are too small (N = 37)
to allow for useful inference. To increase sample sizes for the direct tabulations of
white female-headed households I include individuals spending six or more out of
ten years with a female head, rather than requiring female headship in all ten years.
This leads to an expectation that the direct tabulation estimates for this group will
result in less poverty persistence than the other two methods, which continue to
simulate households with a female head in all ten years.

For black female heads the direct tabulation and hazard rate models are similar
in terms of their predicted mean times in poverty of 6.9 and seven years out of the
next ten. The two distributions are slightly different, with the direct tabulations show-
ing a substantially larger proportion of individuals experiencing very short (three
years of less) stays in poverty than the hazard rate. The variance component model,
however, produces a distribution that is very different from both, and that suggests
a mean time in poverty for this group of only five years. Among white female heads
the hazard rate and direct tabulations differ substantially, although in a predictable
way given that the direct tabulation results include women experiencing some of
the ten years in a male-headed household, and so having shorter average stays in
poverty.

Although these comparisons of the hazard and variance components models obvi-
ously do not constitute a formal test of the models’ accuracy, the evidence in Table
8 suggests that the hazard model reproduces observed patterns of poverty persistence
somewhat better than the variance components model. This does not seem to be
sensitive to the particular version of the variance components model used for these
simulations. The models summarized in Table 8 are a reasonable representation of
those in the current literature on income dynamics, and none of these models suggests
substantially different distributions of time in poverty.

One possible explanation for differences between the two approaches is that the
variance components model estimated on a pooled sample of all adults is not flexible
enough to capture different dynamic patterns across groups. In the current implemen-
tation, only differences in mean income-to-needs ratios are driving the differences
across groups, since a common variance structure is estimated for the entire sample.
To investigate this possibility, the variance components and hazard models were
estimated for a sample restricted to white male heads. The results, and the compari-
son between the two models, were qualitatively the same as those discussed above.

Perhaps the most probable explanation for the differences in results based on the
two estimation methods is that they are based on substantially different assumptions
and impose different types of structure on the data. The components-of-variance
approach is based on estimation of parameters describing the full distribution of
income (or specifically the income-to-needs ratio) while the hazard model is based
on samples of individuals with income-to-needs below the poverty line. It is thus
not surprising that the hazard model better replicates observed patterns at the low
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end of the distribution. It is possible that income dynamics well below the mean of
the distribution are different from those at or above the mean. Conventional variance
components models, however, assume that the same dynamic patterns operate over
all ranges of the income distribution.” For applications that focus on individuals in
a particular portion of the income distribution, such as those below the poverty line,
the hazard approach used here captures dynamics and total time in poverty well.

VII. Conclusion

Poverty persistence, as measured by the expected time poor for indi-
viduals starting a stay in poverty, is much greater than that predicted by previous
work on single spells. Bane and Ellwood (1986) emphasized the substantial persis-
tence of poverty that results from looking at the stock of persons poor at any point
in time. They contrasted this with the lesser persistence in the flow measure—the
expected time spent poor for an individual just beginning a poverty spell. My findings
demonstrate that even flow-based distributions of time spent below the poverty line
suggest substantial poverty persistence once reentry probabilities and multiple spells
are considered.

Predicted times in poverty from the hazard model have also been compared with
predictions from two other methods. Estimates from direct tabulations and from the
hazard model are generally in agreement; across a variety of demographic groups
the two methods yield similar distributions of years poor. Estimation of components-
of-variance models of the income-to-needs ratio provides a third method for evaluat-
ing the persistence of poverty. This approach is quite common in the income dynam-
ics literature, but predictions from these models are generally less consistent with
observed patterns of poverty dynamics than are those from the hazard models.

All of the results presented here show that reliance on single-spell measures of
poverty persistence significantly overstates the degree of mobility out of poverty. A
thorough review of the poverty dynamics literature by Gottschalk, McLanahan, and
Sandefur (1994, p. 90) highlights the observation that ‘‘most low-income people,
including most blacks, will be poor for less than two years.”” This is true in the
sense that most will then experience at least a single year out of poverty, but looking
at total time in poverty over the next decade changes conclusions about the longer-
term persistence of poverty. Average time in poverty over the next ten years from
Table 2 is over four years; more than half of all blacks and around one third of
whites falling into poverty will spend five or more of the next ten years in poverty.

The answer to the question of whether poverty is a transitory or a permanent state
largely depends on characteristics of individuals and their families. Individuals in

27. This does not mean that variance components models might not be modified to better capture poverty
dynamics. The macroeconomics literature contains explorations of modifications to linear ARMA pro-
cesses that better fit the dynamics of certain macro series. Neftci (1984) and Sichel (1993) offer evidence
of asymmetries in macroeconomic series, and show that these asymmetries are missed by standard ARMA
models. Hamilton (1989) builds a model in which a time-series process is subject to discrete regime shifts
over time.
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two-parent households experience the most transient poverty, with education and
race also playing important roles in predicting stays below the poverty line. The
average stay in poverty over the next ten years for those in households headed by
black, less-educated males is approximately four years; for those in households
headed by whites with at least a high school education the average stay is less than
two and a half years. For individuals in households where the head is a single female,
or has less than a high school education, poverty is an extremely persistent state.
Among adults in female-headed households who fall below the poverty line, between
26 and 64 percent (depending on race and education level) will live below the poverty
line for six or more of the next ten years. Among children in female-headed house-
holds the comparable figures range from 47 to nearly 90 percent. The conventional
view that most individuals falling into poverty experience very short stays below
the poverty line should be modified to account for the frequency and importance of
multiple spells of poverty.

Appendix

Calculation of Standard Error Estimates Using Balanced
Half-Sample Replications

This section describes the estimation of standard errors in Tables 1 through 5 using
balanced half-sample replications; see Kish and Frankel (1970) or Wolter (1985),
Chapter 3, for more details. This method makes use of variables on the PSID that
assign each household to one of 32 different strata, and to one of two primary sam-
pling units within each stratum.

Given these assignments, a series of half-samples is created by selecting one of
the two sampling units within each stratum. A large number of different half-samples
is possible, given the various possible selections across all 32 strata. In order to
minimize the variance of the variance estimator, the half-samples are selected in a
particular way. Wolter (1985) provides a series of orthogonal matrices (known as

Table Al
Sample Sizes

Blacks Whites

Exit Reentry Exit Reentry
Hazard Hazard Hazard Hazard

1969-88 sample

Persons 6,854 6,400 4,000 3,794
Person-years - 36,783 44,826 13,723 31,760
1973-88 sample

Persons 7,157 6,040 3,662 3,653

Persons-years 42,902 39,016 12,910 28,995
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Table A2
Sample Means (over all person-years), Spells In and Out of Poverty, 1969-88

Blacks Whites

In Out of In Out of
Poverty Poverty Poverty Poverty

Household income ($1987) $8,721 $29,589 $7,841 $31,957
Income to needs ratio 0.60 221 0.65 2.64
Household size 4.32 3.84 3.40 3.35
Fraction with head’s education :

less than thigh school 0.71 0.62 0.69 0.54
Fraction with single female

head 0.63 0.28 0.42 0.20
Age of household heads 41.8 41.8 46.2 41.6
Age of all individuals 25.9 31.7 35.9 342

Hadamard matrices) that describe which unit should be selected from each of the
strata to guarantee that the variance estimator is as precise as possible.

Let 3 be a parameter estimate based on the entire sample. Then, from each of 32
different half-samples, let B, be the same parameter estimated from the ath half-
sample. The variance estimator, which can be shown to be a consistent estimator
under certain regularity conditions (Wolter 1985, Appendix B), is then given by:

32

Vi) = > Bo — Brs32.

o=1
In the case of a linear estimator, this formula, given the strategic selection of half-
samples described above, will reproduce exactly the ‘‘textbook’” variance estimator
for a complex survey design. In the case of non-linear estimators the finite-sample
correspondence is approximate. Wolter (1985) describes studies establishing the ap-
propriateness of balanced half-sample variance estimators in a variety of specific
nonlinear applications.
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