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Abstract

The aim of this paper is to study relative income poverty and its persistency for families in the
United Kingdom. A number of important questions are addressed. How has the poverty rate
evolved over the last 20 years? What are the characteristics of poor families? Is poverty a per-
manent or a transitory condition? What are the factors lifting families out of poverty? These
questions are investigated using data from 1991 to 2008 from the British Household Panel Sur-
vey (BHPS), a nationally representative panel of households in the UK. The empirical analysis
consists of three parts. First, frequency estimation is used to study (1) the probability of income
poverty for families in the UK and (2) the probability of staying in income poverty for several
periods, conditional on a set of observable characteristics of the family. In the second part, a
canonical income process specification with an added normality assumption is adjusted to the
data, and its implications regarding probabilities (1) and (2) are studied. Third, the importance of
college attendance in determining the probabilities of poverty relative to other factors is studied,
also using frequency methods. Findings from this paper include: the unconditional probability of
poverty has remained stable around 0.15 and has steadily decreased over the last 20 years; families
in which the head is a female, is not married, did not attend college, or lives outside of England
face higher poverty probabilities; poverty is a persistent condition in the sense that, for any given
family, poverty in previous periods serves as a predictor for poverty in future periods; as com-
pared to the results obtained using frequency estimation, the income dynamics model together
with the normality assumption overestimate the probabilities of interest; and college attendance
is less important than marital status and the gender of the head in determining poverty. Given the
shortcomings of the normality assumption to estimate the probabilities of interest, non-parametric
methods are explored as an alternative to estimate of the distribution of shocks to income.
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1 Introduction
In general, economic literature classifies families with incomes below an arbitrary percentage
of a descriptive statistic of a country’s income distribution, such as the median or the mean, as
relatively poor. From a broad perspective, the existence of relative poverty can be thought as
a consequence of endogenous decisions of the households such as human capital accumulation
and family labour supply, as well as of the presence of exogenous factors such as the age profile
of earnings, an increase in the variance of wages due to skill-biased technological change, taxes
and transfers, and other dynamic aspects of labour markets. More generally, relative poverty
exists whenever the income distribution in a society is non-degenerate and, therefore, the study
of relative poverty entails no importance on its own. Nevertheless, the existence of persistency in
relative income poverty once the abovementioned factors are dealt with provides valuable insights
regarding the conditions that make a family more vulnerable to the condition of income poverty.

The study of the persistency of poverty and, more generally, of the degree of mobility in the
income distribution dates back to McCall (1971) and Shorrocks (1976), who modelled income
status as a discrete Markov chain. This methodology has fallen into disuse and has been replaced
by the usage of copulas to model the transition probabilities of the components of income (see
Bonhomme and Robin, 2009 for example).

An alternative methodology to study income mobility, first laid out by Lillard and Willis
(1978), consists of estimating an earnings function with permanent and transitory components.
Under the added assumption of normality of the unobserved components, statements about the
probability of falling into a sequence of poverty states can be made using this later methodology.

Both of the abovementioned methodologies were deviced when computational power im-
peded the use of non-parametric methods to estimate the probabilities of interest. In light of this
fact, the present study proceeds by estimating the probabilities of interest non-parametrically, and
then uses a particular application of the methodology by Lillard and Willis (1978), one that con-
templates the canonical income process laid out in Meghir and Pistaferri (2011). The empirical
exercise is carried out using data from the first 18 waves of the British Household Panel Survey
(BHPS), a nationally representative panel of households in the UK that interviews families every
successive year.

Comparison of the frequency estimates and the income process specification reveals that prob-
abilities of staying in income poverty, both unconditional and conditional, are overestimated by
the income dynamics model together with the normality assumption. This is a consequence of
the fact that the canonical income process imposes a distribution of shocks that centers on zero.
Recent contributions highlight the importance of specifying a flexible earnings process (Arellano,
Blundell, & Bonhomme, 2015) and the fact that the distribution of income shocks is leptokurtic
and negatively skewed (Karahan, Guvenen, Ozkan, & Song, 2015).

Results from the income dynamics model are not only useful for the purposes of comparison,
but also open the door for the analysis of the role of permanent and transitory shocks to income
in the probability of staying in income poverty for several periods. As shown in Section 4, the
fact that probabilities radically change when the variance of permanent shocks is set to zero in the
income dynamics model constitutes evidence for the existence of factors other than the observable
variables determining the probability of poverty. Important examples include the abovementioned
increase in the variance of wages due to skill-biased technological change (Juhn, Murphy, &
Pierce, 1993), skill formation of the heads of the families during childhood and throughout the
life cycle (Cunha, Heckman, Lochner, & Masterov, 2006), and neighborhood segregation (Chetty,
Hendren, Kline, & Saez, 2014). Indeed, results of this paper indicate that the variance of the
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permanent shocks of the unobserved component of income is higher for groups that have a higher
probability of poverty.

Regarding the results from the non-parametric exercise, a couple of them deserve special
mention. First, the probability of income poverty has remained stable around 0.15 over the last
20 years in the UK, with a slight tendency to decrease over time. Second, at any given year, the
probability of income poverty is higher for families in which the head is female, is not married,
did not attend college, or lives outside of England. This property holds true for the unconditional
probability of staying in poverty for several periods. Third, poverty can be characterized as a
persistent condition in the sense that, for any given family, poverty in previous periods serves as
an accurate predictor for poverty in future periods. For example, the conditional probability of
staying in poverty given that the family was in poverty for a number of periods greater or equal
than 5 stabilizes around 0.85, a figure much higher than the unconditional probability of 0.01.

In addition, frequency methods reveal that college attendance is less important than marital
status and the gender of the head of the family in determining the probabilities of interest, high-
lighting the inability of families with a non-married head to smooth permanent shocks to wages
(Blundell, Pistaferri, & Saporta Eksten, 2012). In contrast, college attendance is more important
than the age of the head in determining the unconditional probabilities of staying in poverty.

Lastly, the use of non-parametric methods such as those in Horowitz and Markatou (1996)
and Bonhomme and Robin (2009) are explored as an alternative to estimate more accurately the
distribution of the shocks to income both within the canonical income process specification and
within simpler models, in light of the fact that the normality assumption induces an overestimation
of the probabilities of interest.

The remainder of the paper is organized as follows. Section 2 details the proposed non-
parametric methodology and the income dynamics model for the study of the subject of interest.
Section 3 provides further details about the dataset used for the estimation of the poverty proba-
bilities. Section 4 presents and compares the results from frequency estimation and the income
dynamics model together with the normality assumption and, in a particular application of fre-
quency estimation, shows the importance of college in determining the probabilities of interest
relative to other factors such as family labour supply, the gender-wage gap, and the life-cycle
profile of earnings. Section 5 illustrates how non-parametric methods could be used to estimate
the distribution of shocks to income and, ultimately, the poverty probabilities of interest. Finally,
conclusions and remarks are provided in Section 6.

2 Proposed methodology

2.1 Frequency methods
The aim of the present study is to estimate the probability of income poverty for families in
the UK, as well as to estimate the probability of staying in income poverty for several periods,
conditional on a set of observable characteristics of the family. Specifically, let yi,a,t denote the
log-income of family i with a head of family of age a in time period t, and let Xi,a,t denote a
vector of observable characteristics for the same family. Poverty for family i with a head of age
a at time t is defined as having a log-income below a poverty line bi,a,t , which depends on the
number of people in the family. Therefore, the present study is concerned with estimating the
following probability:

Pr(yi,a,t < bi,a,t |Xi,a,t). (1)
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Moreover, this study is concerned with estimating the probability that any given family re-
mains in poverty as defined by a poverty line bi,a,t given that its income was below the poverty
line bi,a−1,t−1 in the previous period conditional on a set of observables Xi,a,t , with the poverty
lines depending on the number of people in the family. In other words, the present study is
concerned with estimating the following probability:

Pr(yi,a,t < bi,a,t |yi,a−1,t−1 < bi,a−1,t−1|Xi,a,t)

=
Pr(yi,a,t < bi,a,t ,yi,a−1,t−1 < bi,a−1,t−1|Xi,a,t)

Pr(yi,a−1,t−1 < bi,a−1,t−1|Xi,a,t)
.

More generally, this study pretends to calculate the probabilities of staying below the poverty
line for an arbitrary number of periods, k, or:

Pr(yi,a,t < bi,a,t |yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k|Xi,a,t)

=
Pr(yi,a,t < bi,a,t ,yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k|Xi,a,t)

Pr(yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k|Xi,a,t)
.

(2)

Notice that the probability in Equation 2 is the ratio of the probability of staying in income
poverty for k lags, given a vector of family characteristics Xi,a,t , and the probability of staying in
income poverty for k− 1 lags, given the same vector of characteristics. Hence, the evolution of
the these probabilities with the number of lags, k, will also be presented in the following sections.
In other words, the following probabilities will also be studied:

Pr(yi,a,t < bi,a,t ,yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k|Xi,a,t). (3)

The simplest way to carry out probability function estimation with discrete data is commonly
referred to as frequency estimation. In general terms, when a random vector X takes on discrete
values with probabilities p(x), the probability function p(x) can be estimated by:

p̂(x) =
1
n

n

∑
i=1

1{Xi = x},

where:

1{Xi = x}=

{
1 if Xi = x
0 otherwise

,

and {Xi|i = 1,2, ..,n} is a sequence of random vectors satisfying some Law of Large Numbers
(see Li and Racine, 2007).

Frequency estimation is a valid method to carry out inference about the unconditional proba-
bility of income poverty at time t, since an indicator function for income poverty can be defined
as:

1{yi,a,t < bi,a,t}=

{
1 if yi,a,t < bi,a,t

0 otherwise
.

Similarly, an indicator function for the event of staying in poverty for k periods can be con-
structed as:

1{yi,a,t < bi,a,t ,yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k}

=

{
1 if yi,a,t < bi,a,t ,yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k

0 otherwise
.
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Conditional probabilities can be obtained by restricting the sample and defining indicator func-
tions in an analog way, under the assumption that all variables in Xi,a,t are discrete.

Although simple, the frequency estimation approach has the advantage of providing unbi-
ased, consistent, and asymptotically normally distributed estimates. The main shortcoming of
this method is that sample size provides a natural limit to number of groups that can be analyzed,
since the number of discrete cells can become larger than the sample size of each cell if a large
number of discrete explanatory variables are considered for estimation.

2.2 Canonical income dynamics model with a normality assumption
This paper adopts the specification of the income process presented in Meghir and Pistaferri
(2011):

ye
i,a,t = Xi,a,tβ

e + pi,a,t +υi,a,t +mi,a,t .

In the above equation, yi,a,t denotes the log income of individual i with age a in time period t,
Xi,a,t denotes a vector of observable characteristics for individual i with age a at time t, pi,a,t is
the permanent component of income, τi,a,t is the transitory component, and mi,a,t stands for i.i.d.
measurement error. The superscript e denotes a particular education and sex group. In accordance
to this specification, I assume that the permanent component of income is a random walk:

pi,a,t = pi,a−1,t−1 +ηi,a,t ,

whereas the transitory component is an MA(1), or:

υi,a,t = εi,a,t −θεi,a−1,t−1

. Identification of both the parameter θ and the variance of the permanent and transitory shocks,
ση and σε , follows from Meghir and Pistaferri (2004), given some external measure of the vari-
ance of measurement error, σm, from a validation study. Specifically, denote ui,a,t = αi + pi,a,t +
τi,a,t +mi,a,t . Then, identification is achieved using the following moments:

E[(∆ui,a,t)
2−2σ

2
m] = σ

2
η +2(1+θ +θ

2)σ2
ε (4)

E[∆ui,a,t∆ui,a−1,t−1 +σ
2
m] =−(1+θ)2

σ
2
ε (5)

E[∆ui,a,t∆ui,a−2,t−2] = θσ
2
ε (6)

Remember that the present study is concerned with estimating the probabilities laid out by
Equation 2 and Equation 3. Under the assumption of joint normality used by Lillard and Willis
(1978), these probability crucially depend, for any given family i, on the distribution of the per-
manent shocks, ηi,a,t . The distribution of the transitory shocks has a more limited importance
since, by construction, the effect of these shocks on the transitory component of income fades out
after 2 periods.

Studies like Horowitz and Markatou (1996), Geweke and Keane (2000), and Bonhomme and
Robin (2009) have noted that distributional assumptions about the permanent, transitory, and
idiosyncratic components of the income process matter when drawing conclusions regarding the
persistency of income and earnings. If the researcher decides to impose ex-ante a particular
distributional assumption, this will lead to bias in the results of the calculations.

Notwithstanding, the present paper imposes a normality assumption on both types of shocks,
since this greatly simplifies the calculations. Simplicity comes at the price of an exaggerated
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dependence of the probabilities of interest on the variances of the income shocks and the param-
eter θ . Karahan et al. (2015) provide evidence that income shocks are negatively skewed and
that their distribution is leptokurtic with respect to the normal distribution. The reader, therefore,
should be careful when interpreting the results of the present study; probabilities are in reality
also dependent on the third and fourth moments of the distribution of income shocks.

Under the normality assumption of the permanent and transitory shocks, the joint conditional
distribution of log-incomes at times t, t− 1, t− 2, ..., t− k for a given individual i with age a at
time t is multivariate normal with the following variance-covariance matrix:

aσ2
η +(1+θ 2)σ2

ε +σ2
m (a−1)σ2

η +θσ2
ε (a−2)σ2

η ... (a− k)σ2
η

(a−1)σ2
η +θσ2

ε (a−1)σ2
η +(1+θ 2)σ2

ε +σ2
m (a−2)σ2

η +θσ2
ε ...

(a−2)σ2
η (a−2)σ2

η +θσ2
ε

. . .
... ...

(a− k)σ2
η (a− k)σ2

η +(1+θ 2)σ2
ε +σ2

m


An interesting implication of the assumed structure is that the variance of log-income is in-

creasing with age, and autocorrelations of log-income are greater for periods or ages that are
closer to each other.

Knowledge of the matrix above is enough to calculate the joint distribution of log-incomes
for any number of lags, k. In turn, knowledge of the joint distributions is enough to calculate the
conditional probabilities, which are of central interest for the present analysis. Furthermore, the
parameters ση , σε , and θ can be estimated for different levels of human capital by restricting the
sample by education level. Moreover, the analysis can be carried out by gender, marital status,
age group, and year group by further restricting the sample.

3 Data
The paper uses data from the first 18 waves of the British Household Panel Survey (BHPS), a
nationally representative panel of households in the UK. The first wave of the BHPS consisted
of 5,500 households recruited in 1991. In 1999, additional samples of 1,500 households in each
of Scotland and Wales were added to the main sample. A further sample of 2,000 households in
Northern Ireland was added in 2001. Households are interviewed each successive year and, much
in the style of the Panel Study of Income Dynamics (PSID) in the US, individuals are followed if
they split off from an original household to form a new household.

The study considers household annual net income as the measure of family income. House-
hold annual net income is defined as the sum of annual net labour income, annual investment
income, annual benefit income, annual pension income, and annual transfer income. This mea-
sure of income was deflated using the Consumer Price Index (CPI), and 2009 was chosen as base
year for the calculations.

Furthermore, data on the gender, age, race, marital status, and education of the head of the
household is used, as well as data concerning the total number of people living in the household
and the region of the UK at which the household is located. All of the abovementioned variables
are available in a yearly fashion.

Importantly, a dummy for college attendance using raw data on the education of the head
of the household is constructed. The college dummy is set to 1 if the individual reports having
attended further education of any of the following types: college, polytechnic, or university.
Otherwise, the value of the college dummy is set to 0.
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Following the usual practice in the literature, observations corresponding to households in
which the age of the head of the household is below 25 or above 60 are dropped. Moreover, the
study does not consider observations with exceptionally low or high levels of total annual house-
hold income, as defined by: (1) having an income of less than one half of the first percentile of
the distribution, or (2) having an income that exceeds the midpoint between the 99th percentile
of the distribution and the maximum value observed in the data. These thresholds are of course
arbitrary, but the results of the analysis do not hinge on them since all the results of presented
in subsequent sections also follow when different cut-off values are chosen. Finally, all observa-
tions containing 1 or more missing values were also dropped. The resulting sample consists of a
total of 8,155 households and 46,652 corresponding observations. Columns 1 and 2 of Table 1
respectively present summary statistics for the first and last years considered in the present study.

4 Results

4.1 Frequency methods
In this paper, poverty is defined as 60 percent of the median of household annual net income,
conditional on family size. Panel (a) of Figure 1 shows the evolution of the poverty lines over
time. Using this typical definition, the unconditional probability of poverty is located around
15 percent between 1991 and 2008, declining slightly over the period of interest, as shown by
Panel (b) of Figure 1. The stability of the unconditional probability of poverty is not surprising,
given the evolution of the density and the cumulative distribution function of net income over
time, portrayed respectively in panels (c) and (d). In these two panels, brighter colors indicate
recent years, whereas faded colors represent earlier years. The kernel estimates correspond to an
Epanechnikov type, and the bandwidth is chosen to minimize the mean squared error if the data
were Gaussian.

Figure 2 shows the yearly evolution of the probability of income poverty in Equation 1, con-
ditional on each of six variables: education, gender, marital status, race, age group, and country.
Income poverty probabilities are consistently higher for families in which the head is female, did
not attend college, is not married, or lives outside England. Similar conclusions cannot be drawn
by age group or race. In the particular case of race, the inability to draw solid conclusions stems
from a small sample size for non-white ethnic groups.

Figure 3 shows the evolution of unconditional and conditional probabilities of staying in in-
come poverty in the UK for a horizon of k = 10 lags. In this figure, the solid line represents
the point estimate, and the dotted lines represent a 95 percent confidence interval. The uncondi-
tional probability of staying in income steadily decreases with the number of lags. However, the
conditional probability increases and remains around 0.85 for k ≥ 5, a figure much higher than
the unconditional probability for approximately 0.01 for k ≥ 5. This later finding is robust to all
sub-groups of the population considered in this study.

Figures 4 through 8 show the evolution of the unconditional and conditional probabilities of
staying in income poverty, conditional also on five variables: education, gender, marital status,
age group, and country. The figure containing the results from conditioning on race is not shown
because the size of the subsample of families in which the head belongs to a non-white ethnic
group is too small to draw any relevant conclusions. Unconditional probabilities of staying in
poverty are higher for families in which the head is female, did not attend college, is not married,
is 25-35 years old, or lives outside England. On the other hand, the conditional probabilities of
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staying in income poverty are close to 0.85 for all groups considered for k≥ 5. However, income
poverty is more persistent initially (k < 5) for women and not married heads of family.

In summary, figures Figure 1 through 8 imply that, while the probability of income poverty
and the unconditional probability of staying in income poverty for several periods are fairly low
in the UK, the conditional probability of staying in income poverty for several periods is high. In
other words, few families are observed in income poverty every period, but these families tend to
be the same over time. In light of this finding, studying the forces that lift poor families out of
poverty is specially interesting.

Some of the trends that appear in the abovementioned figures are confirmed by columns 3 and
4 of Table 1, which show summary statistics for the families with household annual net income
below the poverty line in 1991 and 2008, the first and last years of the sample. As compared to
the full sample, poor families have a higher proportion of: female heads, not married heads, and
heads that did not attend college. Finally, this characteristics are exacerbated for the permanently
poor families, as shown by the last column of Table 1. I define a permanently poor family as a
family that reports income poverty for 5 or more consecutive years.

Existing economic literature can provide useful insights into why families in which the head
is female, did not attend college, is not married, or is 25-35 years old have higher probabilities of
staying in income poverty for several periods.

First, the fact that families with non-married heads have a higher poverty probabilities sug-
gests that the mechanism of family labour supply is important in explaining the persistency of
income poverty. Previous findings in the literature (see Attanasio, Low, and Sánchez-Marcos,
2005 and Blundell, Pistaferri, and Saporta Eksten,2012) emphasize the role of family labour sup-
ply as an insurance mechanism to wage shocks. Intuitively, families with a non-married head
are unable to smooth permanent shocks to wages. Furthermore, since substitution effects operate
between factors of household production (Ghez & Becker, 1975), it is possible that a negative
permanent shock to the wage of a non-married head would translate into an increase in the de-
mand of his time for household production and ultimately into a reduction of household annual
net income.

Second, a vast economic literature studies the reduction in the wage-gender gap and the rise in
female labour force participation since the 1940s in developed countries. For the particular case
of the UK, Blundell and Etheridge (2010) document a decreasing but important raw gender dif-
ferential for wages between 1980 and 2005, as well as a lower employment rate for females than
for males over the same period. Hence, results from the frequency estimation exercise regarding
the fact that families with a female head have higher poverty probabilities can be accrued to these
two factors. Specially, the differential in employment rates between families with female heads
and families with male heads might be explained by child care costs (see Berger and Black, 1992
and Kimmel, 1995), as well as by taxes and welfare benefits (Meyer & Rosenbaum, 2001).

Third, a strand of literature that started with the seminal contribution by Becker (1962) studies
the effect of human capital accumulation, and schooling in particular, on earnings. In a partic-
ularly relevant piece for the purposes of the present study, Huggett, Ventura, and Yaron (2011)
find that, as of age 23, variation in human capital is an important determinant of lifetime wealth
within a life cycle model, since it lifts upwards an agent’s mean earnings profile. Consequently,
it is not surprising that the frequency estimation exercise yields a higher probability of staying in
income poverty for families with a head that did not attend college.

Finally, the hump-shaped log-income life cycle profile has been extensively documented in
the literature (for instance, see Attanasio, Banks, Meghir, and Weber, 1999). The fact that families
with a young head face a higher probability of staying in income poverty for several years follows
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form the observation that their incomes are on average lower than those of families with an older
head. For households with an older head, income has increased to its maximum level in the life
cycle, whereas the income of households with a younger head is yet to increase in future years.

On the other hand, the fact that the probability of staying in income poverty is higher outside
of England might be explained by the fact that the local English labour market and the English
economy as a whole are larger and more dynamic than the labour markets and the economies in
Northern Ireland, Scotland, and Wales. Nevertheless, to the knowledge of the author, no previous
study has been conducted to explore the consequences of the economy size and the labour market
dynamism on incomes in the different countries of the UK.

4.2 Canonical income dynamics model with a normality assumption
Before proceeding to the estimation of the canonical income process, a first round regression of
log-income on household size, a categorical variable for race, a second order polynomial of age,
an interaction between marital status and household size, and dummies for college attendance,
marital status, and gender was carried out. Results are presented in Table 2. Dummies for year
and region were also included but the associated coefficients are not presented for the sake of
brevity. All coefficients in the table are highly significant and take the expected sign. Initially, an
interaction between age and education was also included, but it was removed since the associated
coefficients were not significant. The standard error were corrected to carry out cluster-robust
inference.

The residuals from the above first-round regressions were then utilized to estimate the param-
eters σ2

η , θ , and σ2
ε using the moments detailed in equation 4, 5, and 6. As explained in Section 2,

the parameters of interest are underidentified if an external measure of the variance of measure-
ment error is not specified. Luckily, Uhrig and Watson (2014) provide measures of reliability for
several variables in the BHPS, including wages. The mean reliability of wages in the BHPS is
estimated to be 0.91 for males and 0.97 for females. These numbers are much higher than the
corresponding figures for the PSID. Accordingly, I assume that the variance of measurement er-
ror represents only 9 percent of the sample variance of growth of income. The chosen minimum
distance method for the purposes of estimation was one-step GMM (see Hansen,1982), and the
identity was chosen as weighting matrix. Results are presented in Table 3. The values of θ line
up surprisingly well with the results for the US and Norway (see Meghir and Pistaferri, 2004
and Blundell, Graber, and Mogstad,2014). Nevertheless, the relative magnitudes of the variance
of permanent and transitory shocks are inverted: σ2

ε seems to be higher than σ2
η . This is almost

certainly due to the fact that household annual net income and not earnings was used as a measure
for income. The parameters were also estimated by education attainment of the head, gender of
the head, marital status, age of the head, and year group. In general terms, σ2

η is higher for groups
that have a higher probability of income poverty according to the non-parametric estimates, such
as households with a female head, a head that is not married, or a head that did not attend college,
whereas the estimates of θ tend to be smaller in absolute value for these groups. No conclusive
results regarding the magnitude of σ2

ε for groups with higher probabilities of poverty relative to
other groups can be drawn by looking at the parametric estimates. The estimates by year group
correspond closely to the estimates in Blundell and Etheridge (2010) for disposable income: the
variance of the permanent shocks is higher than the variance of the transitory shocks between
1991 and 2002. When looking at the estimates by age group, the variance of the permanent
shocks is higher for families with older heads of household. A similar pattern can be observed for
the variance of the transitory shocks. This is consistent with the permanent income hypothesis
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(see Deaton and Paxson, 1994).
Once the key parameters of the income process are estimated, the unconditional probabilities

of staying in income poverty, or the probability from Equation 2, are calculated for all the families
in the sample and averaged out to form the sample analog of the following probability:

Pr(yi,a,t < bi,a,t ,yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k)

=
∫

Pr(yi,a,t < bi,a,t ,yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k|Xi,a,t)dFXi,a,t .

The same procedure is followed for the conditional probability of staying in income poverty,
or the probability in Equation 3:

Pr(yi,a,t < bi,a,t |yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k)

=
∫

Pr(yi,a,t < bi,a,t |yi,a−1,t−1 < bi,a−1,t−1, ...,yi,a−k,t−k < bi,a−k,t−k,Xi,a,t)dFXi,a,t .

The red line in Figure 9 presents the estimates of the above probabilities for different numbers
of lags, k. Bootstrap confidence bands are not shown since the unobservable component of log-
income contains a unit root. Most bootstrap methods have been deviced to treat independent or
dependent but stationary data (see Horowitz, 2001), and even the bootstrap methods that treat I(1)
processes, such as those described by Phillips (2010) or Basawa, Mallik, McCornick, Reeves, and
Taylor (1991), were deviced for long time series, not for short panels. These two procedures were
followed, yielding clearly inconsistent results, and therefore were removed from the final figure.
To the knowledge of the author of this article, no bootstrap method has yet been deviced to treat
I(1) processes when using short panels.

In comparison to the probabilities obtained using frequency methods, which are shown by a
blue line in the same figure along with a 95 percent asymptotic confidence interval, the income
dynamics model overestimates both the unconditional and conditional probability of staying in
income poverty for all the considered lags, k ∈ {1,2, ...,10}. Overestimation of the unconditional
probability of staying in income poverty follows by virtue of the distributional assumption for the
income shocks. In particular, the normality assumption pins down the kurtosis of the distribution.
This aspect of the distribution of the income shocks is fundamental to make predictions regarding
the probability of staying in income poverty because it determines the mass of the distribution in
its tails, and ultimately determines how likely it is to observe negative shocks that are ”far” from
the mean. To illustrate this point, consider the probability of having an income below the poverty
line for 1 period conditional on family characteristics, or the probability in Equation 1:

Pr(yi,a,t < bi,a,t |Xi,a,t)

= Pr(Xi,a,tβ
e + pi,a,t + τi,a,t +mi,a,t < bi,a,t |Xi,a,t)

= Pr(pi,a,t + τi,a,t +mi,a,t < bi,a,t −Xi,a,tβ |Xi,a,t)

= Pr(N(0,aσ
2
η +(1+θ

2)σ2
ε +σ

2
m)< bi,a,t −Xi,a,tβ |Xi,a,t)

If bi,a,t−Xi,a,tβ < 0, or the predicted income is in fact greater than the poverty line, the proba-
bility of poverty is entirely determined by how much mass is given to sufficiently negative shocks
by the normal distribution. Since the tails of the normal distribution are ”fat”, this probability
is actually fairly high, resulting in the overestimation that is observed in the figure. This is, of
course, a simple illustration, but the intuition conveyed applies to the more general case of the
unconditional and conditional probabilities of staying in income poverty for several periods. As
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mentioned in previous sections, Karahan et al. (2015) have proved that the distribution of both
types of income shocks is leptokurtic with respect to the normal distribution, reinforcing the in-
tuition presented above: with a leptokurtic distribution less mass is given to sufficiently negative
shocks, and therefore the implied poverty probabilities are lower.

Although the income dynamics model (together with the normality assumption) overestimates
the probabilities of interest, it replicates their evolution insofar as the unconditional probability
of staying in income poverty decreases when the number of lags, k, increases, and the conditional
probability of staying in income poverty increases with k. Hence, it is still interesting to experi-
ment with the income dynamics model by setting the variance of the permanent shocks to zero, in
order to deduce the effect that permanent shocks have on the poverty probabilities. Results from
this exercise (not shown) indicate that both the unconditional and conditional poverty probabil-
ities become virtually zero for all lags after the existence of the permanent shocks to income is
neglected. This result is explained by the fact that the variance of the permanent shocks enters
all elements of the variance-covariance matrix presented in Section 2.2 and, moreover, it is multi-
plied by a−k , or the age minus the number of lags. In other words, permanent shocks to income
constitute the most substantial part of the covariance structure of the unobserved component of
income. Therefore, given that predicted incomes are usually above the poverty line, one effec-
tively removes the possibility of making income fall below the poverty line by removing this type
of shocks. Indeed, results of Table 3 indicate that the variance of permanent shocks is higher for
groups with higher poverty probabilities. Hence, permanent shocks are very important in explain-
ing the persistency of poverty. To the extent that the origin of these shocks can be tracked down
and related to factors such as the skill formation early in life (see Cunha and Heckman, 2007 and
Attanasio, 2015), the underlying causes of the persistence of poverty can be elucidated. Results
from this exercise constitute an upper bound to what the observed (non-parametric) poverty prob-
abilities would be in the absence of permanent shocks and, consequently, the results are reliable
despite the shortcomings of the normality assumption. In contrast, these results do not follow for
the transitory shocks, since the probabilities depicted by the red line in Figure 9 remain practically
unchanged when the variance of the transitory shocks or the variance of measurement error are
set to zero (not shown).

4.3 College attendance and the probability of leaving income poverty
In this subsection, frequency methods are used to analyze the importance of human capital accu-
mulation via college attendance in determining the unconditional probability of staying in income
poverty relative to other factors such as the the gender, marital status, and the age of the head of
the family. Previous sections explain that these later factors are related to the wage-gender gap,
family labour supply, and the life-cycle profile of earnings, respectively. The conditional proba-
bility of staying in poverty will not be analyzed here because it has already been established, also
in previous sections, that it remains stable around 0.85 for all groups in the sample conditional on
having been in poverty for k ≥ 5 lags.

The importance of human capital accumulation relative to marital status is analyzed in Panel
(a) of Figure 10. The bright green line presents the point estimates of the unconditional probability
of staying in poverty for k ∈ {1,2, ...7} lags for families in which the head is not married and did
not attend college, whereas the dark green line represents the corresponding point estimates for
families in which the head is not married but the head attended college. On the other hand, the
bright red line presents the point estimates of the probabilities of interest for families in which the
head is married but did not attend college, whereas the dark red line presents point estimates of the
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corresponding probabilities for families in which the head is married and attended college. Solid
lines are accompanied by 95 percent asymptotic confidence bands, represented with dotted lines.
Clearly, college attendance decreases the poverty probability both for households with a married
head and for households with a non-married head for all lags. However, poverty probabilities are
unambiguously higher for families with a non-married head. In other words, college attendance
alone is not as important as marital status in determining the probability of staying in income
poverty for several periods. Again, this points to the importance of family labour supply as a
mechanism to insure against negative permanent income shocks and to substitution between the
factors of household production, as noted in previous sections of this paper.

Panel (b) of Figure 10 is used to analyze the importance of human capital accumulation rela-
tive to the gender of the head of the family in determining the unconditional probability of staying
in poverty for k lags. While the bright green line presents the point estimates for families with a
female head that did not attend college, the dark green line presents the corresponding estimates
for families with a female head that attended college. In contrast, the bright red line shows the
point estimates for families with a male head that did not attend college, and the dark red line
shows the estimates for families with a male head that attended college. Again, the same pattern
emerges, in the sense that college attendance decreases the probabilities of interest regardless
of the gender of the head of the family, although college attendance is not enough to take both
probabilities to the same level.

A somewhat different result appears when analyzing the relative importance of human capital
accumulation and the age of the head of the family. Surprisingly, college attendance alone takes
the probability of staying in income poverty to the same level for families with a 25-35 years old
head and families with a 36-50 years old head for all lags considered. This result is presented in
Panel (c) of Figure 10. In this panel, the bright green line illustrates the probabilities of interest
for families with a 25-35 year old head that did not attend college, and the dark green line illus-
trates the corresponding probabilities for families with a head of the same age-range that attended
college. Then again, the bright red line depicts the probabilities under consideration for families
with a 36-50 years old head, whereas the dark red line presents the probabilities for families with
a head of the same range of age that attended college.

The pattern in panels (a) and (b) is even more severe when considering the importance of
human capital accumulation relative to the added importance of the gender and age of the head of
the family. In Panel (d), families with a non-married female head and families with a married male
head are compared by college attendance. Naturally, college attendance decreases the probability
of staying in poverty for all lags, but is not sufficient to take the probabilities of the two groups to
the same level.

Hence, panels (a), (b), and (d) of Figure 10 imply that the unconditional probability of staying
in income poverty is higher for the second type of households under consideration in each of
them, regardless of college attendance. However, college attendance plays a role in decreasing
the unconditional probability of staying in income poverty within a type of households.

Overall, probabilities of staying in income poverty are favorable affected by college atten-
dance within all types of families under consideration, but college attendance is not as important
as the marital status and gender of the head of the family in determining these probabilities. These
later factors are related to family labour supply and the wage-gender gap. Quite the opposite, the
age of the head of the family seems to have a somewhat less important role than schooling in
determining income poverty probabilities, suggesting that the life-cycle profile of earnings is not
as important as human capital accumulation in determining the condition of poverty.
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5 Non-parametric Estimation of the Distribution of Shocks
The income process specification estimated in subsection 4.2 results in an overestimation of both
the unconditional and the conditional probability of staying in poverty, mainly due to the fact
that the normality assumption pins down the kurtosis of the distribution of the permanent and
transitory shocks. Hence, specifying a flexible model for the distribution of these shocks is key
in order to estimate the poverty probabilities of interest with accuracy. Within a linear frame-
work, the two possible ways of proceeding are (1) to carry out non-parametric estimation of the
densities of the permanent and transitory shocks to income via deconvolution arguments and (2)
fitting an alternative parametric model for the shocks to the data. Although appealing for the
purposes of computation, simple parametric models for the distribution of the shocks are likely
to be misspecified and therefore yield erroneous conclusions regarding the implications of the
shocks to income on the poverty probabilities, just as the normality assumption overestimates the
poverty probabilities. Moreover, parametric specifications that are flexible enough to accomodate
heavy-tailed and skewed distributions such as mixtures of normals, for example, usually com-
promise identification of the shocks due to the label-switching problem (see Rossi, Allenby, and
McCulloch, 2012). Hence, non-parametric estimation is favoured, and this section will be limited
to provide illustrations of how to estimate the densities of the shocks to income via deconvolution
arguments to ultimately estimate the poverty probabilities of interest accurately. First, a brief
and informal introduction to fundamental concepts in Fourier analysis is provided to facilitate the
exposition. Second, non-parametric estimation in a model without permanent shocks, in the style
of Horowitz and Markatou (1996), is discussed. Third, non-parametric estimation of the densi-
ties of the shocks within the canonical income process is presented as a particular application of
Bonhomme and Robin (2010).

5.1 Fundamental concepts of Fourier analysis
First, the characteristic funtion of a random variable var is given by:

hvar(τ) =
∫

∞

−∞

eiτz fvar(z)dz,

where τ ∈ R, i−
√
(− 1), and fvar is obviously the density of var. An important property of

characteristic functions is: ∑
n
i=1 aihvari(τ) = ∏

n
i=1 hvari(aiτ), where ai are the coefficients of the

characteristic functions.
Second, the cumulative generating function of var is the logarithm of its characteristic func-

tion, or κvar(τ) = lnhvar(τ). An important property of cumulative generating functions is the
following: κ∑

n
i=1 aivari(τ) = ∑

n
i=1 κvari(aiτ).

Third, there is a bijection between cumulative distribution functions and characteristic func-
tions, made evident by the following inversion formula:

Fvar(z) =
1
2
+

1
2π

∫
∞

0

eiτzhvar(−τ)− e−iτzhvar(τ)

iτ
dτ.

Finally, the density of var, if existing, is uniquely determined by the characteristic function
by the Fourier transformation:

fvar(z) =
1

2π

∫
R

e−iτzhvar(τ)dτ.

14



5.2 Illustrations of non-parametric estimation
In this subsection, a simplified illustration of how to estimate the densities of the shocks to income
via deconvolution arguments is provided before illustrating estimation in more complex models,
such as the canonical income process. First, permanent shocks to income and measurement error
are ignored, and a family effect αi is introduced, so ui,a,t = αi+υi,a,t , where υi,a,t = εi,a,t−θεi,a,t .
Also, age subscripts will be dropped for the sake of exposition.

Define δi,t ≡ υi,t − υi,t−1 = εi,t − (1+ θ)εi,t−1 + θεi,t−2 and ζi,t ≡ υi,t − υi,t−2. Under the
added assumption of symmetry of the transitory shocks, from the definition of υi,t it is clear
that hυ(τ) = hε(τ)hε(θτ). Some algebra with these expressions is sufficient to show that the
following relationship holds between the characteristic functions of υi,t , δi,t , and ζi,t :

hε(τ) =
hδ (

τ

1+θ
)

hζ (
τ

1+θ
)

1
2

On the other hand, from the definition of ui,t it is clear that hu(τ) = hα(τ)hυ(τ). Once more,
some algebra and the above identities are sufficient to show that the following expression holds
for the characteristic function of αi:

hα(τ) =
hu(τ)

hδ (
τ

1+θ
)

hζ (
τ

1+θ
)

1
2

[
hδ (

θτ

1+θ
)

hζ (
θτ

1+θ
)

1
2

]
Therefore, the following analytic expression for the densities of the transitory shocks to in-

come and the family effects are established using the inversion formula for characteristic func-
tions:

fε(z) =
1

2π

∫
∞

−∞

e−izτ
hδ (

τ

1+θ
)

hζ (
τ

1+θ
)

1
2

dτ,

and

fα(z) =
1

2π

∫
∞

−∞

e−izτ hu(τ)

hδ (
τ

1+θ
)

hζ (
τ

1+θ
)

1
2

[
hδ (

θτ

1+θ
)

hζ (
θτ

1+θ
)

1
2

]dτ.

Although converging at a slow rate, the following estimators of fε and fα are consistent:

f̂ε(z) =
1

2π

∫
∞

−∞

e−izτ
ĥδ (

τ

1+θ
)

ĥζ (
τ

1+θ
)

1
2

g(λnε τ)dτ,

and

f̂α(z) =
1

2π

∫
∞

−∞

e−izτ ĥu(τ)

ĥδ (
τ

1+θ
)

ĥζ (
τ

1+θ
)

1
2

[
ĥδ (

θτ

1+θ
)

ĥζ (
θτ

1+θ
)

1
2

]g(λnα τ)dτ,

where ĥδ and ĥζ are the empirical analogs of hδ and hζ , g is some bounded characteristic function
with support [−1,1], and {λnε} and {λnα} are sequences of positive constans satisfying λnε →
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0 and λnα → 0 when n→ ∞. Consistency follows directly from Theorem 1 of Horowitz and
Markatou (1996).

Under the added assumption of symmetry in the distribution of the family effects, also as a
particular application of the results in Horowitz and Markatou (1996), the cumulative distribution
functions (CDFs) of the transitory shocks and the family effects can be estimated consistently
uniformly by:

F̂ε(z) = 0.5+
2
π

∫
∞

0

1
τ

sin(zτ)
ĥδ (

τ

1+θ
)

ĥζ (
τ

1+θ
)

1
2

g(λnε τ)dτ,

and

F̂α(z) = 0.5+
2
π

∫
∞

0

1
τ

sin(zτ)
ĥu(τ)

ĥδ (
τ

1+θ
)

ĥζ (
τ

1+θ
)

1
2

[
ĥδ (

θτ

1+θ
)

ĥζ (
θτ

1+θ
)

1
2

]g(λnα τ)dτ.

Analysis of the effect of heterogeneity (family effects) on the unconditional probability of
staying in poverty for several periods can now be carried out. For instance, notice that in the
absence of transitory shocks to income the unconditional probability of staying in poverty for k
lags would be given by:

Pr(yi,t < bi,t ,yi,t−1 < bi,t−1, ...,yi,t−k < bi,t−k|Xi,t ,Xi,t−1, ...,Xi,t−k)

= Pr(αi < bi,t −Xi,tβ ,αi < bi,t−1−Xi,t−1β , ...,αi < bi,t−k−Xi,t−kβ |Xi,t ,Xi,t−1, ...,Xi,t−k)

= Pr(αi < min{bi,t −Xi,tβ ,bi,t−1−Xi,t−1β , ...,bi,t−k−Xi,t−kβ}|Xi,t ,Xi,t−1, ...,Xi,t−k)

A consistent estimator of this probability is F̂α(min{bi,t −Xi,t β̂ ,bi,t−1−Xi,t−1β̂ , ...,bi,t−k −
Xi,t−kβ̂ ), where β̂ is the OLS estimate of β . On the other hand, the unconditional probability of
staying in poverty for k lags in the absence of family effects could be obtained through a similar
albeit painstaking process, or through the simpler use of a multivariate copula. Notice, however,
that the choice of a copula is an arbitrary procedure or can be at best based on observation of the
probabilities obtained using frequency methods. The use of copulas to obtain joint distributions
is relatively new in the income dynamics literature, with the choice of a one-parameter Plackett
copula to estimate the transition probability of the transitory component of income by Bonhomme
and Robin (2009) being the most notorious example. Consequently, the present study will not
discuss how to optimally choose a copula. It shall suffice to mention that copulas map marginal
distributions into joint distributions and therefore model the dependence structure of variables
over time. Their use in Economics is documented by Cherubini, Luciano, and Vecchiato (2004).

The densities of the shocks in a more complex model, such as the canonical income process,
can be estimated non-parametrically using the techinques introduced by Bonhomme and Robin
(2010), which rely heavily on the existence of the second derivatives of the cumulative generating
function of the observable residuals. To illustrate the use of these techniques, permanent shocks
to income are introduced again in the specification, so: ui,t = αi + pi,t + υi,t . Once again, the
permanent shocks follow a random walk, or pi,t = pi,t−1+ηi,t . Assume, for the sake of exposition,
that each family is observed for T = 4 periods and that εi,0 = εi,−1 = 0. The analysis can be
generalized to a greater number of periods. The following system of equations holds true for the
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differences of the residuals ui,t of all families i ∈ {1,2, ...,N} in the sample:

∆ui,1 = ηi,1 + εi,1

∆ui,2 = ηi,2− (1+θ)ηi,1

∆ui,3 = ηi,3− (1+θ)ηi,2 +θεi,1

∆ui,4 = ηi,4− (1+θ)ηi,3 +θεi,2

Define the column vectors ∆ui≡ (∆ui,1∆ui,2∆ui,3∆ui,4)
′ and νn≡ (εi,1εi,2εi,3εi,4ηi,1ηi,2ηi,3ηi,4).

Furthermore, define the following matrix:

A =


1 0 0 0 1 0 0 0

−(1+θ) 1 0 0 0 1 0 0
1 −(1+θ) θ 0 0 0 1 0
0 1 −(1+θ) θ 0 0 0 1


The above system of equations can now be reexpressed as ∆U = Aν for any family in the sam-

ple under the additional assumption that the family effects, αi, and the permanent and transitory
shocks, ηi,t and εi,t , are independently distributed. Simple linear algebra yields ∆U = ∑

8
k=1 νkAk,

where νk is the kth element of ν and Ak is the kth column of A. Then, for all t ∈R4, the following
equalities are obtained by applying the properties of cumulative generating functions to ∆U and
simple differentiation:

κ∆U (t) =
8

∑
k=1

κνk(t
′Ak),

Oκ∆U (t) =
8

∑
k=1

κ
′
νk
(t ′Ak)Ak,

and

OO′κ∆U (t) =
8

∑
k=1

κ
′′
νk
(t ′Ak)AkA′k. (7)

Equation 7 can be reexpressed as:

vech(OO′κ∆U (t)) =
8

∑
k=1

κ
′′
νk
(t ′Ak)vech(AkA′k)

= Q


κ ′′ν1

(t ′A1)
κ ′′ν2

(t ′A2)
...

κ ′′ν1
(t ′A8)

 ,

where vech is the half-vectorization operator and Q = [vech(A1A′1)vech(A2A′2)...vech(A8A′8)],
since (OO′κ∆U (t) and AkA′k are symmetric matrices. If Q has full-column rank, the following
equation holds: 

κ ′′ν1
(t ′A1)

κ ′′ν2
(t ′A2)
...

κ ′′ν1
(t ′A8)

= Q−vech(OO′κ∆U (t)),
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where Q−=(Q′Q)−1Q′. It is easy to see that integration yields the cumulative generating function
of any νk with k ∈ {1,2, ...,8} if, in accordance to Bonhomme and Robin (2010), t = τAk

A′kAk
is

chosen from the many ways to choose t such that t ′Ak = τ:

κνk(τ) =
∫

τ

0

∫ u

0
Q−k vech(OO′κ∆U (

uAk

A′kAk
))dvdu.

In the above equation, Q−k is obviously the kth row of Q−. The two required constants of integra-
tion are given by κ ′νk

(0) = 0 and κnuk(0) = 0.
Estimation of κνk with k ∈ {1,2, ...,8} can be carried out by replacing A and Q with a

√
n

consistent estimator, as well as κ∆U with its empirical analog. As in the simpler case without
permanent shocks, consistent estimates of the densities and the CDFs can be obtained by appro-
priately smoothing the empirical analogs of Q− and κ∆U so that the integrals that define inversion
formulas from the previous subsection exist.

The density and CDF of the family effects αi can be obtained under the additional assumption
of symmetry of the permanent and transitory shocks, using the definition of ui,t , which implies
hut (τ) = (t−1)hη(τ)hε(τ)hε(θτ)hα(τ).

Finally, as in the simpler case without permanent shocks to income, estimation of the uncon-
ditional probability of staying in poverty when only family effects, αi, are present is relatively
simple, whereas estimation of the same probability when only permanent or transitory shocks to
income are present will most likely require the use of a mutivariate copula.

6 Conclusions and Remarks
The present paper investigates the yearly probability of income poverty for families in the UK, as
well as the probability of staying in income poverty for several periods, conditional on observable
characteristics of the family. The analysis was carried out using data from the first 18 waves of
the British Household Panel Survey (BPHS), a nationally representative panel of households in
the UK. The empirical analysis consisted of three parts. First, frequency methods were used to
estimate the probabilities of interest in the sample. Second, an earnings function with a canoni-
cal income process specification was estimated. Along with an assumption of joint normality of
the unobserved shocks, the implied probabilities of income poverty were compared to the results
of the non-parametric analysis, and the results from the canonical income dynamics model were
then used analyze how permanent and transitory shocks affect the probabilities of interest. Third,
frequency methods were used to estimate the relative importance of college attendance in deter-
mining poverty probabilities relative to factors like family labour supply, the wage-gender gap,
and the life-cycle profile of earnings.

Important results from frequency estimation include the following. First, the probability of
income poverty has remained stable around 0.15 over the last 20 years in the UK, with a slight
tendency to decrease over time. Second, at any given year, the probability of income poverty
is higher for families in which the head is female, is not married, did not attend college, or
lives outside of England. This property holds true for the unconditional probability of staying in
poverty for several periods. Third, poverty can be characterized as a persistent condition in the
sense that, for any given family, poverty in previous periods serves as an accurate predictor for
poverty in future periods. As an illustration, the conditional probability of staying in poverty given
that the family was in poverty for a number of periods greater or equal than 5 stabilizes around
0.85, a figure much higher than the unconditional probability of 0.01. Fourth, college attendance
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affects favorably the unconditional probability of staying in poverty for all groups studied in this
paper, but college attendance is not as important as family labour supply and the wage-gender
gap in determining the condition of poverty. Quite the opposite, the life-cycle profile of earnings
is less important in determining the condition of poverty than college attendance.

On the other hand, important results from the income dynamics model with an added normal-
ity assumption include the following. First, the variance of permanent income shocks is higher
for groups with higher poverty probabilities. Second, the income dynamics model tend to over-
estimate the unconditional and conditional probabilities of staying in poverty, mainly due to the
joint normality assumption, which automatically determines the kurtosis of the distribution of
the shocks. A model that incorporating a leptokurtic distribution of both types of income shocks
would result in much more accurate predictions regarding the income poverty probabilities. Third,
the permanent shocks are very important in explaining poverty and its persistence in the UK. Pre-
vious findings in economic literature have related these shocks to the process of skill formation
and neighborhood segregation. Therefore, a model incorporating individual and neighborhood
heterogeneity in the shocks would provide more insightful predictions regarding the condition of
poverty.

Non-parametric methods offer a promising solution to accurately estimate poverty probabil-
ities and, more generally, to study a range of different phenomena related to income dynamics.
Mainly, the fact that identification is granted by these methodologies enables the investigation of
the correlation between unobserved shocks and variables such as cognitive skills, neighborhood
segregation, and macroeconomic shocks.

Finally, a natural extension of the present paper would be to study relative income poverty
and its persistency for a set of developed and developing countries. Another important extension
could be the study of relative poverty defined in terms of consumption, which constitutes a better
measure of welfare than income. Seminal contributions by Attanasio and Davis (1996), Blundell
and Preston (1998) and Blundell, Pistaferri, and Preston (2008), for example, explore the link
between income and consumption inequality. In this context, the relationship between relative
income and relative consumption poverty constitutes an interesting subject of study.

References
Arellano, M., Blundell, R., & Bonhomme, S. (2015). Earnings and consumption dynamics: A

nonlinear panel data framework.
Attanasio, O. (2015). The determinants of human capital formation during the early years of life:

Theory, measurement and policies.
Attanasio, O., Banks, J., Meghir, C., & Weber, G. (1999). Humps and bumps in lifetime con-

sumption. Journal of Business & Economic Statistics, 17(1), 22–35.
Attanasio, O., & Davis, S. (1996). Relative wage movements and the distribution of consumption.

Journal of Political Economy, 1227–1262.
Attanasio, O., Low, H., & Sánchez-Marcos, V. (2005). Female labor supply as insurance against

idiosyncratic risk. Journal of the European Economic Association, 3(2-3), 755–764.
Basawa, I., Mallik, A., McCornick, W., Reeves, J., & Taylor, R. (1991). Bootstrap test of signifi-

cance and sequential bootstrap estimation for unstable first order autoregressive processes.
Communications in Statistics-Theory and Methods, 20(3), 1015–1026.

Becker, G. S. (1962). Investment in human capital: A theoretical analysis. Journal of Political
Economy, 9–49.

19



Berger, M. C., & Black, D. A. (1992). Child care subsidies, quality of care, and the labor supply
of low-income, single mothers. The Review of Economics and Statistics, 635–642.

Blundell, R., & Etheridge, B. (2010). Consumption, income and earnings inequality in britain.
Review of Economic Dynamics, 13(1), 76–102.

Blundell, R., Graber, M., & Mogstad, M. (2014). Labor income dynamics and the insurance from
taxes, transfers, and the family. Journal of Public Economics.

Blundell, R., Pistaferri, L., & Preston, I. (2008). Consumption inequality and partial insurance.
American Economic Review, 1887–1921.

Blundell, R., Pistaferri, L., & Saporta Eksten, I. (2012). Consumption inequality and family labor
supply. NBER Working Paper(w18445).

Blundell, R., & Preston, I. (1998). Consumption inequality and income uncertainty. Quarterly
Journal of Economics, 603–640.

Bonhomme, S., & Robin, J.-M. (2009). Assessing the equalizing force of mobility using short
panels: France, 1990–2000. The Review of Economic Studies, 76(1), 63–92.

Bonhomme, S., & Robin, J.-M. (2010). Generalized non-parametric deconvolution with an
application to earnings dynamics. The Review of Economic Studies, 77(2), 491–533.

Cherubini, U., Luciano, E., & Vecchiato, W. (2004). Copula methods in finance. John Wiley &
Sons.

Chetty, R., Hendren, N., Kline, P., & Saez, E. (2014). Where is the land of opportunity? the ge-
ography of intergenerational mobility in the united states. Quarterly Journal of Economics,
129(4), 1553–1623.

Cunha, F., & Heckman, J. (2007). The technology of skill formation. American Economic
Review, 97(2), 31–47.

Cunha, F., Heckman, J. J., Lochner, L., & Masterov, D. V. (2006). Interpreting the evidence on
life cycle skill formation. Handbook of the Economics of Education, 1, 697–812.

Deaton, A., & Paxson, C. (1994). Intertemporal choice and inequality. Journal of Political
Economy, 102(3).

Geweke, J., & Keane, M. (2000). An empirical analysis of earnings dynamics among men in the
psid: 1968–1989. Journal of Econometrics, 96(2), 293–356.

Ghez, G., & Becker, G. S. (1975). A theory of the allocation of time and goods over the life
cycle. In The allocation of time and goods over the life cycle (pp. 1–45). NBER.

Hansen, L. P. (1982). Large sample properties of generalized method of moments estimators.
Econometrica: Journal of the Econometric Society, 1029–1054.

Horowitz, J. L. (2001). The bootstrap. Handbook of Econometrics, 5, 3159–3228.
Horowitz, J. L., & Markatou, M. (1996). Semiparametric estimation of regression models for

panel data. The Review of Economic Studies, 63(1), 145–168.
Huggett, M., Ventura, G., & Yaron, A. (2011). Sources of lifetime inequality. American Economic

Review, 101(7), 2923–54.
Juhn, C., Murphy, K. M., & Pierce, B. (1993). Wage inequality and the rise in returns to skill.

Journal of Political Economy, 410–442.
Karahan, F., Guvenen, F., Ozkan, S., & Song, J. (2015). What do data on millions of us workers

reveal about life-cycle earnings risk? FRB of New York Staff Report(710).
Kimmel, J. (1995). The effectiveness of child-care subsidies in encouraging the welfare-to-work

transition of low-income single mothers. American Economic Review, 271–275.
Li, Q., & Racine, J. S. (2007). Nonparametric econometrics: theory and practice. Princeton

University Press.
Lillard, L. A., & Willis, R. J. (1978). Dynamic aspects of earning mobility. Econometrica,

20



985–1012.
McCall, J. J. (1971). A markovian model of income dynamics. Journal of the American Statistical

Association, 66(335), 439–447.
Meghir, C., & Pistaferri, L. (2004). Income variance dynamics and heterogeneity. Econometrica,

72(1), 1–32.
Meghir, C., & Pistaferri, L. (2011). Earnings, consumption and life cycle choices. Handbook of

Labor Economics, 4, 773–854.
Meyer, B. D., & Rosenbaum, D. T. (2001). Welfare, the earned income tax credit, and the labor

supply of single mothers. Quarterly Journal of Economics, 116(3).
Phillips, P. C. (2010). Bootstrapping I(1) data. Journal of Econometrics, 158(2), 280–284.
Rossi, P. E., Allenby, G. M., & McCulloch, R. (2012). Bayesian statistics and marketing. John

Wiley & Sons.
Shorrocks, A. F. (1976). Income mobility and the markov assumption. The Economic Journal,

566–578.
Uhrig, S., & Watson, N. (2014). The impact of measurement error on wage decompositions:

evidence from the british household panel survey and the household, income and labour
dynamics in australia survey (Tech. Rep.). Institute for Social and Economic Research.

21



Table 1: Summary statistics
Variable Full sample Poor families Permanently

1991 2011 1991 2011 Poor
Net income 22,334.75 32,557.86 8,122.08 11,580.89 9,313.44

( 13,369.85) ( 18,843.43) ( 2,960.44) ( 4,784.83) ( 4,038.80)
Male head 0.78 0.79 0.55 0.56 0.44

( 0.41) ( 0.41) ( 0.50) ( 0.50) ( 0.50)
Age 40.90 46.00 41.75 46.87 45.64

( 9.93) ( 8.92) ( 11.03) ( 9.52) ( 9.15)
Married 0.64 0.61 0.39 0.31 0.26

( 0.48) ( 0.49) ( 0.49) ( 0.46) ( 0.44)
Family size 2.87 2.91 2.60 2.38 2.42

( 1.33) ( 1.36) ( 1.51) ( 1.34) ( 1.46)
Head attended college 0.29 0.45 0.18 0.32 0.19

( 0.45) ( 0.50) ( 0.38) ( 0.47) ( 0.40)
Note: Standard deviations are reported in parentheses.
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Table 2: Results from a first round of estimation using OLS
log(Net income)

Gender of head 0.229∗∗∗

(0.0177)

Age of head 0.0453∗∗∗

(0.00454)

Age squared -0.000506∗∗∗

(0.0000529)

Head attended college 0.219∗∗∗

(0.0125)

Black -0.160∗

(0.0797)

Other (non-white) -0.163∗∗∗

(0.0468)

Married 0.703∗∗∗

(0.0272)

Household size 0.165∗∗∗

(0.00803)

Married X Household size -0.146∗∗∗

(0.00936)
Observations 46,652
F statistic 109.4
Degrees of freedom 44
Overall p-value 0
R-squared 0.328
Notes: Standard errors in parentheses. The coefficients for the year and
region dummies are omitted for the sake of brevity. Standard errors were
corrected to carry out cluster-robust inference. ∗ p < 0.05, ∗∗ p < 0.01,
∗∗∗ p < 0.001
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Table 3: Parameter estimates for different subsamples of heads

Group σ2
m σ2

η θ σ2
ε

Pooled sample .006244 .026 -.1925 .0487
(.003) (.0193) (.0024)

By education of the head

College .006166 .0216 -.2157 .0517
(.0054) (.0333) (.0044)

No college .006289 .028 -.1804 .0471
(.0035) (.023) (.0028)

By gender of the head

Female head .008967 .0318 -.1883 .0699
(.0072) (.0373) (.0064)

Male head .005529 .0247 -.1926 .0439
(.0032) (.0225) (.0025)

By marital status

Not married .008753 .028 -.1733 .0666
(.0063) (.0324) (.0053)

Married .004788 .0211 -.2199 .0383
(.0031) (.0246) (.0024)

By age group

25-35 .006294 .0273 -.2319 .0518
(.007) (.0455) (.0059)

36-50 .006079 .0281 -.1606 .0447
(.0049) (.0318) (.0038)

51-60 .006447 .0285 -.1876 .0523
(.006) (.04) (.0051)

By year group

1991-1996 .005963 .024 -.2291 .0462
(.006) (.0378) (.0047)

1997-2002 .006033 .0202 -.1171 .0477
(.0086) (.073) (.0081)

2003-2008 .00658 .0248 -.2433 .0513
(.006) (.033) (.0045)

Notes: Standard deviations are reported in parentheses. The chosen min-
imum distance method is one-step GMM, using the identity as weight
matrix.
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Figure 1: Poverty lines, poverty probability, and log of net income distribution
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Figure 2: Poverty probabilities by year conditional on group
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Figure 3: Probability of staying in poverty in the UK
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Figure 4: Probability of staying in poverty in the UK conditional on education of the head
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Figure 5: Probability of staying in poverty in the UK conditional on gender of the head
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Figure 6: Probability of staying in poverty in the UK conditional on marital status
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Figure 7: Probability of staying in poverty in the UK conditional on age of head
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Figure 8: Probability of staying in poverty in the UK conditional on country
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Figure 9: Probability of staying in poverty, frequency estimation and income dynamics model
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Figure 10: Unconditional probabilities of poverty by college attendance for groups of heads
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