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Abstract

Conventional wisdom predicts that changes in the aggregate unemployment rate may
significantly affect a country’s income distribution and, as a consequence, have a relevant
impact on the evolution of the poverty rate. However, the relationship between labour
macroeconomic indicators and poverty seems to have become weaker in recent times.
Using panel data on unemployment and poverty for Spanish regions we estimate a System
GMM model in order to model this relationship taking into account that the intra-
household distribution of unemployment can be more relevant than aggregate
unemployment in order to explain poverty changes. We also test the hypothesis of
asymmetric effects of the business cycle on the share of poor individuals in the population.
Our results show that unemployment has a positive impact on severe poverty, while
inflation has a negative effect. Among the three unemployment measures considered in
order to predict poverty, the percentage of households where all active members are
unemployed registers the highest explanatory power. We also find that a change in
unemployment has a larger effect on poverty during a period of economic recession than
during a period of expansion.
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1. INTRODUCTION

Changes in macroeconomic conditions can have a substantial effect on the economic
circumstances of low-income households. Conventional wisdom predicts that changes
in unemployment, inflation and, in more general terms, economic growth can produce
significant changes in a country’s income distribution. In general terms, economic
downturns are associated with increases in inequality and poverty while periods of
strong aggregate growth are expected to contribute to reduce the share of poor
individuals in the total population. However, in the years before the Great Recession
began (i.e. since the late nineties until 2008), many OECD countries were experiencing
strong and rapid economic expansions (only shortly interrupted by mild recessions)
while their poverty and income inequality indicators were rather stable or, in some

cases, even followed a rising trend.

The idea that economic growth does not always help the poor has generated substantial
debate in the academic literature. The effect on policies of the assumption that economic
growth is unlikely to be an effective antipoverty tool has divided analysts and
policymakers. As a result, a large number of research papers have examined the extent
to which alternative indicators of the business cycle, different from aggregate economic
growth, have a significant impact on the income distribution. Since the ground-breaking
studies of Blank and Blinder (1986) and Cutler and Katz (1991) a substantial number of
empirical studies have addressed the issue of the relationship between macroeconomic
indicators and the poverty rate. For many years, these models worked reasonably well in

predicting poverty based on the unemployment rate and inflation.

Since the mid-eighties, however, they became less accurate to foresee changes in the
economic security of low-income households (Meyer and Sullivan, 2011). A major
criticism of these methods has been that they do not adequately address the effects of
relevant issues affecting the relationship between the business cycle and poverty. In
some countries, the decline in real wages among less-skilled workers has deteriorated
this relationship. In other countries, the predicting capacity of these models has been
questioned due to the limits of the aggregate unemployment rate as an indicator of the
most relevant employment conditions for low-income households. The proportion of

workless households or the intra-household distribution of unemployment —e.g.,



concentrated mostly among spouses and other members different from the household

head- can be key factors to explain changes in the poverty rate.

A further limitation of these models refers to the implicit assumption of a symmetric
response of poverty indicators to both expansions and recessions. In a similar way as the
hysteresis hypothesis usually considered in unemployment analyses, poverty could be
less sensitive to employment growth than to increasing unemployment rates. Empirical
studies of the incidence of unemployment and inflation on the income distribution have
not thoroughly addressed this issue and relatively little is known about possible

asymmetries in their relationship.”

Indeed, there are several ways in which the business cycle could affect poverty rates and
there is a need for research providing a more complete picture of the effects of the
business cycle on low-income households. This paper aims at analyzing how the intra-
household distribution of unemployment can be more relevant than aggregate
unemployment in order to explain poverty changes. We also test the hypothesis of
asymmetric effects of the business cycle on the the share of poor individuals in the
population. We use quarterly data from the Spanish Labor Force Survey that provides
us with a rather long time period of data —from 1987 to 2010— and a panel of regional

poverty and unemployment rates.

There are several reasons why the Spanish case should be of interest for policy makers
and analysts. On the one hand, Spain is one of the OECD countries where changes in
the business cycle are much more pronounced and usually last more. In the aftermath of
the global economic crisis that started in late 2007, unemployment grew from 8.6 to
20.0 per cent in only three years and the proportion of households where all active
members were unemployed boosted from 2.6 to 7.7 per cent. On the other hand, the
concentration of unemployment in spouses and other members of the household
supports the idea of a somewhat less relevant effect of aggregate unemployment on
poverty changes compared to that of other alternative measures of unemployment
strongly related to its intra-household distribution. Additionally, the variety of regional

experiences —with remarkable differences in demographic structures and employment

% A notable exception here is Hines et al. (2001).



levels across regions— makes the use of panel data on regional poverty and

macroeconomic conditions most interesting.

We use a measure of poverty that is rather similar to what one could identify as severe
poverty and which implies an absolute notion of the poverty phenomenon, thus making
it independent from the mean or the median value of the income or expenditure
distribution at each moment in time. This last characteristic helps us to avoid some of
the intrinsic limitations of relative poverty measures when analyzing poverty in a long
period of time. Poverty rates are calculated as the proportion of households in the
population of a particular region at a given moment in time who do not earn any income
from labor and neither benefit from any Social Security transfers (i.e. pensions or other

benefits) nor from unemployment insurance or assistance payments.

We analyze the effects of the business cycle on this measure of severe poverty by
estimating a dynamic panel data using a variety of unemployment rates as covariates —
aggregate unemployment, the unemployment rate of household heads and the
proportion of households where all active members are unemployed. Dynamic panel
data models are shown to have important advantages with respect to time series or
traditional static techniques given the high persistence of poverty. We use the one-step
system generalized method of moments’ estimator (Arellano and Bover, 1995, and
Blundell and Bond, 1998), which allows for the existence of omitted variables,
endogeneity and measurement error problems. We test the robustness of the model

comparing the system GMM estimates with alternative methods.

Our results show that both unemployment and inflation are significant in order to
explain the evolution of poverty rates along the business cycle in Spain in the last two
decades. In particular, unemployment is found to have a positive and significant impact
on severe poverty, while inflation has a negative and significant impact on it. Among
the three different measures of unemployment specified in the model, the aggregate
individual rate of unemployment has the lowest effect on poverty, while the percentage
of households with all active members unemployed, in contrast, has the highest impact
on extreme poverty. Interestingly, we find that alternative estimation procedures exhibit
important differences in estimates, which underlines the importance of using a suitable

estimation method. Results on the possible asymmetric effects of the business cycle are



more mixed. Overall, changes in any unemployment rate have a somewhat larger effect

on extreme poverty during economic recessions than during expansion periods.

The organization of the paper is as follows. In Section 2 we revise the literature on
macroeconomic conditions and poverty. Section 3 describes the data used in the
analysis. Section 4 presents the dynamic panel data (DPD henceforth) poverty model
and briefly comments the system GMM approach. Section 5 estimates the effects of

business cycle on poverty and discusses the main results. Finally, Section 6 concludes.

2. BACKGROUND

The question about the effects of macroeconomic conditions on poverty has been
thoroughly discussed in the literature. The idea that poverty will not disappear with
unemployment reductions —backwash thesis— was already tested in the late sixties
[Galloway (1965), Aaron (1967), Metcalf (1969), Thurow (1970), Mirer (1973)]. While
some estimates were imprecise, a consensus was built on the assessment that the
optimistic view of economic growth on poverty advanced by some authors was
unwarranted. Despite a number of limitations —e.g. aggregate data or sensitivity to the
particular functional form chosen for the relationship—, these analyses provided a set of
new analytical tools and some insights into the potential relationship between

unemployment and poverty.

The prototypical model of the relationship between the poverty rate and macroeconomic
conditions was developed by Blinder and Esaki (1978) using a very basic regression
approach. They used OLS to estimate the relationship between the income of different

quintiles, unemployment and inflation:

Ss@W=a+pUQR)+yxt)+oT(t)+ &(t) (1)

where S(t) is the income share of the i quintile (i=1, . . ., 5) of the income distribution
in the t™ year; U is the overall unemployment rate; 7 is the rate of inflation; and 7 is a
linear time trend. These authors did not impose any particular functional form or

measure of well-being in order to enquire into the effects of inflation as well as



unemployment on the income distribution. From their results a very clear pattern of the
incidence of unemployment by income class emerged —the lowest 40 per cent of
families lost most when unemployment raised— while the picture for inflation, in

contrast, was much gloomier.

Blank and Blinder (1986) extended the work of Blinder and Esaki adding new years of
data and some new wrinkles to their specification. They separated inflation into
anticipated and unanticipated components using a simple autoregressive model. They

also used a simple geometric distribution lag to test for autocorrelation:

SO=a+BUOQ+RBTO+n2AO+n2O+eSED+H6TO+a0 ()

where 7 is anticipated and 7" is unanticipated inflation. Their results showed that high
unemployment had significant and systematically regressive effects on the distribution
of income. Few significant effects were found for inflation. Blank and Blinder (1986)
also estimated the effects on poverty but instead of including a linear time trend —
because poverty data display a pronounced time pattern— they considered different

economic variables that were meant to explain why this time pattern actually exists.’

A second extension of the basic model was developed by Cutler and Katz (1991). They
forecasted poverty rates using consumption instead of income and a variety of
contemporaneous macroeconomic indicators to find striking differences across

demographic groups:

P=p+ B @wWt+pmt U+ BT+ B Pt & 3)

where (z/p), is the ratio of the poverty line relative to median income, U is the overall

unemployment rate; 7 is the rate of inflation; and 7 is a linear time trend.

These methods became increasingly popular. Using equations (1), (2) or (3), a number
of studies have considered the effects of unemployment to forecast poverty. More

recently, the great recession has sparked renewed interest in this brand of research. In

* Government transfers divided by GNP and the poverty line divided by mean household income.



order to simulate the poverty rate based on recent and projected unemployment rates
some authors have used these models [Monea and Sawhill (2009), Smeeding et al.
(2011), Meyer and Sullivan (2011), Isaacs (2011)]. Most of them use estimates of the

relationship between the poverty rate and the unemployment rate from Blank (2009):

Pi=Bo+B1 U +B2 WR+ B3 Xe+ Ba(z/W), +Bs m+ Bo Pt + & 4)

where WR, is the log 50/10 wage ratio, and X; is federal expenditures on public

assistance programs in each year as a share of GDP.

Collecting and interpreting the empirical findings from this literature allows us to
predict poverty when unemployment changes. In general terms, results are consistent
with the hypothesis that unemployment actually bears most heavily on the poor than
other macroeconomic indicators. High inflation has weak, if any, effects on poverty.
There are however several methodological decisions that still are open questions in this
line of research. These include choosing poverty measures, defining the time structure
of the macroeconomic effects, considering distributional issues or not, using regional or

national data, and defining time periods.

Poverty measure

Three different questions arise when deciding on the measure of poverty to be used in
these models: the choice of a measure of resources in order to distinguish between poor
and non-poor households, the choice of a poverty line and the selection of a particular
poverty index. Income is, by far, the most commonly used indicator of household
resources in these studies. However, some authors have challenged this option using
consumption. Since the groundbreaking paper by Cutler and Katz (1991), various
objections have been voiced concerning the use of poverty measures based on annual
money income. As stressed by these authors, such measures may fail to capture income
received through in-kind transfers which are of a large importance for low-income
families’ welfare. Second, income underreporting problems may be particularly relevant
for these studies because many of the income sources that are likely to be most

important in recessions seem to be poorly measured in household surveys (Meyer and



Sullivan, 2011). Furthermore, the life-cycle-permanent-income hypothesis strongly
suggests that permanent income is a more accurate gauge of economic welfare than
current income is. Powers (1995) finds that relationships found to hold with respect to
poverty measured on an income basis may not be robust on a consumption basis.
Households attempt to protect their standard of living from short-term income swings.
In the Spanish context, however, Gradin et al. (2008) provide evidence that is consistent
with the existence of liquidity constraints (and surely other factors too) in order to

explain why expenditures in this country are not as smoothed as one would expect.

Regarding poverty thresholds, a first dilemma is whether or not relative poverty lines
should be used instead of absolute ones. A drawback of choosing a rather strict
definition of the poverty line is that too extreme poverty might be then less sensitive to
changes in macroeconomic conditions due to the weaker links of very low income
households with the labor market. The bulk of this literature has focused on the U.S.
using the official poverty line. Only some authors have tested the sensitivity of this
decision to alternative poverty thresholds. Iceland (2003), for instance, considers three
different measures of poverty: absolute, relative and quasi-relative.” Blank (2009)
utilizes the official poverty rate in the U.S. and an alternative definition taking into
account both in-kind transfers and taxes before calculating whether a family is poor or
not. Meyer and Sullivan (2011) also look beyond official poverty, examining alternative
consumption and income (pre-tax money income, after-tax money income, and after-tax

money income plus non-cash benefits) poverty.’

Regarding the poverty indicator, most studies use the most basic one: the headcount
index. Since the headcount is the standard measure, the core of the available empirical
evidence provides an assessment of the effects of unemployment on the incidence of
poverty. An exception is the work by Gundersen and Ziliak (2004) who use both the
headcount ratio and the squared poverty gap. Using the latter measure they can identify

the effect of the macroeconomy on the depth of poverty.

* The absolute measure is the official U.S. measure. The relative measure uses a reference family poverty
threshold equal to half the median income of a two-adult, two-child family. The quasi-relative measure
uses a threshold represented by a dollar amount for food, clothing, shelter, and utilities, and a small
amount for other needs for a family of four, which are then adjusted using an equivalence scale.
Thresholds are further adjusted for geographic variations in housing costs.

> Pre-tax money income is the measure used in U.S. official poverty statistics.



Time structure of the macroeconomic effects

Macroeconomic shocks may have a long-lasting effect on poverty rates. A number of
researchers have attempted to measure the extent to which short-term effects differ from
long-term ones. The standard assumption is that inequality and poverty measures adjust
to macroeconomic conditions only with a lag. Blank and Blinder (1986) introduced a
lagged dependent variable in the regression making this the most usual procedure for a
crude control for any dynamic features of the poverty rate trend. Also, sometimes the
dynamics of the model impose a slightly different specification. For example,
Gundersen and Ziliak (2004) used regression-based three-year moving averages of all
variables and introduced a change to the lag structure (t-2). Other authors introduce
variability in the dynamic effects of unemployment by differentiating cyclical and
structural dimensions. Mocan (1999), for instance, decomposes unemployment into its
short and long-run components: results show that while cyclical unemployment has
almost no effect on income poverty, structural unemployment has a significant effect. In
general terms, an advantage of a dynamic specification is its ability to distinguish
between the short- and the long-run effects of macroeconomic variables on household

poverty.

Distributional issues

Distributional issues have been a central concern of much of the empirical literature on
poverty forecasts. As shown by Freeman (2001), macroeconomic performance does not
predict well the magnitude of changes in poverty along time. Others factors, often
related to demography, such as the actual shape of the income distribution, the
relevance of governmental policies and a variety of labor market factors, also intervene.
Indeed, there is enough evidence in the literature showing that technological and
institutional factors gave rise to an expansion in inequality across the wage distribution

in a variety of countries during the eighties.

While some authors have emphasized the relevance of the shape of the income
distribution in order to understand the relationship between macroeconomic
performance and poverty, others have decided to include direct measures of earnings

inequality as explanatory variables. Blank and Blinder (1986) and Cutler and Katz



(1991) proposed the inclusion of the poverty line divided by mean or median income.
Since the official U.S. poverty line is a fixed real dollar amount, real economic growth
that raises incomes throughout the income distribution naturally lowers the share of the
population below the threshold. However, Cutler and Katz (1991) found that median
income relative to the poverty line grew rapidly in the eighties while poverty rates fell
only slightly. Blank and Card (1993) considered three outcomes from the labor market —
the median hourly wage rate, the dispersion in hourly wages, and the unemployment
rate— and treat these as determinants of the distribution of family income. Other authors
have also included measures of earnings inequality finding that the coefficients are

substantially large (Freeman, 2001, Blank, 2009).

Regional or national data

Another methodological issue is related to the national or regional nature of the data.
Blank and Card (1993) linked regional information on earnings, incomes, and poverty
rates for nine areas of the United States to region-specific data on unemployment rates,
as well as to the level and dispersion of hourly wages. Differing regional patterns of
unemployment and poverty allow studying the relationship with far more degrees of
freedom than national-level data can provide. Hines ef al. (2001) also use nine census
divisions in an attempt to avoid the two usual weaknesses of using an aggregate cycle
measure: it may pick up the influences of unmeasured aggregate variables; it suffers
from a low explanatory power because the number of aggregate cycles is small.
Freeman (2001) undertakes a times series analysis that uses national data and a pooled
cross-section time series analysis for individual States. Gundersen and Ziliak (2004)
also exploited the substantial heterogeneity in poverty and economic activity across
States and over time (20-year panel of states). More recently, Meyer and Sullivan
(2011) and Isaacs (2011) also examine the relationship between the business cycle and

poverty using national and regional data.

With regional data we have a wider variation in both the independent and dependent
variables over time, which should provide more reliable estimates of the effects of labor
market factors on poverty. Regional data also allow for the identification of the
differentiated effects of state-level policies and can control for other unmeasured factors

that affect outcomes in particular regions or in particular years. Regional effects capture



any permanent differences in the outcome variable across regions. Finally, year effects
capture any aggregate components of the outcome variable that are common across

regions.

Time period

A crucial issue in the analysis of the effects of the business cycle on poverty is the time
period chosen for the econometric estimates. As aforementioned, there is evidence
showing that the effects of unemployment on poverty do not hold for each and every
period. Haveman and Schwabish (2000) found that in comparison with just analysing
the 1970s, if one extends the data to a twenty year period considering both the 1970s
and the 1980s, the correlation between the unemployment rate and the poverty rate
diminishes greatly. However, the expected relationship held back again during the

nineties.

The differential effects of macroeconomic performance on the poverty rate across
periods can be tested in different ways. The standard practice is to consider the
inclusion of time dummies. Cutler and Katz (1991) introduced a post-1983 time trend
(T) to represent post-1983 macroeconomic expansion. These dummies can also deal
with institutional changes. For instance, Jintti (1994) included an explanatory variable
that took the value one from 1981 onwards, in order to accommodate some relevant
changes in tax and transfer policies undertaken that year. A slightly different way of
doing this is by including interactions between the unemployment rate and a period-
specific dummy variable for the periods of interest (Haveman and Schwabish, 2000).
Blank (2009) and Meyer and Sullivan (2011) also estimate models that allow the
relationship between poverty and unemployment to differ by decade. In fact, given that
the 1960s differed so much from ensuing decades in poverty reduction, Freeman (2001)
estimated the equations both for the entire 1969-1999 period as well as excluding the

observations from 1960s from the sample.

A very relevant issue here is the possibility of testing for the existence of any
asymmetric effects of business cycles. As stated by Cutler and Katz (1991), hysteresis
effects imply that even when demand shifts that are reversed in several years, they may

have long-term effects on the living standards of the poor —outmigration of the middle



class, deterioration in the social conditions in inner cities or social disintegration in poor
neighbourhoods. Hines et al. (2001) tested whether or not the effect of unemployment
differs in expansions and contractions by interacting variables capturing the cycle with
the unemployment rate. Their results show that the effect of a change in the
unemployment rate is larger in recessions, also when considering the role of the actual

duration of expansions and contractions.

3. POVERTY, UNEMPLOYMENT AND INFLATION IN SPAIN

The data we use to estimate the effects of the business cycle on poverty come primarily
from the Spanish Labour Force Survey (1987-2010). This survey is conducted quarterly
by the National Institute of Statistics (INE) °. We take 1987 as the initial date because in
that particular year substantial changes were introduced in the questionnaire. The survey
provides homogeneous information for the time period considered covering the resident
population in the whole Spanish territory. The sample size of the survey is 60,000
households comprising information for a sample of approximately 190,000 individuals.
For each survey wave and region, we can calculate a variety of different household-

sensitive unemployment rates.

Unfortunately, the survey does not provide information on household income.
Nevertheless, it includes enough information to calculate an interesting quarterly
measure on deprivation that may be considered a proxy for extreme poverty': the
proportion of households who do not earn any income from labor and do not receive
any benefit from Social Security transfers (i.e. pensions or other benefits) nor from
unemployment insurance or assistance payments. These households may be receiving
benefits from the last safety net in the Spanish social protection system managed by
regions and available for extremely deprived households: Minimum Income Guarantee
Benefits. Using this measure of poverty implies assuming a quite restrictive notion of
the deprivation phenomenon given that the poverty threshold is outstandingly low and,
therefore, its evolution might be less sensitive to changes in macroeconomic conditions.

However, this more extreme poverty definition helps us to avoid some of the intrinsic

% The survey is the Encuesta de Poblacion Activa, Instituto Nacional de Estadistica, INE.
7 Our measure shows very similar results to those obtained when using a 30% of median income as
poverty line.
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limitations of other measures in order to understand the effects of the business cycle, in
particular, those that fix a poverty threshold relative to the value of mean or median

household income.

[FIGURE 1]

Figure 1 illustrates how this poverty rate among Spanish households has changed over
the last two and a half decades. Poverty declined particularly rapidly during the
economic expansion of the second half of the eighties. Strong economic growth and
large increases in social spending have commonly been argued as being the
determinants of this decreasing trend in poverty. However, the mild recession that took
place between 1992 and 1994 increased poverty rates after more than a decade of
continuous fall.® In the following years, when the Spanish economy underwent a long
expansion period, the poverty trend turned back to a slight decrease (1995-2007).
However, during this second expansion period it took more than a decade to recover the
poverty levels of the early nineties. Further, in recent times poverty has clearly raised
again due to the deep economic downturn that began in the late months of 2007. Indeed,
the great recession has pushed extreme poverty back to the level registered during the
mid-eighties, reaching, in a recession period of only two years time, its historic

maximum of the last two decades.

The potential effects of the business cycle on the observed poverty trend raise numerous
interesting questions. Surely, given that we use a regional panel dataset, one of the
questions we can pose is to what extent these trends hold uniformly across Spanish
regions. Although in the long run a moderate convergence process has been registered,
very sharp differences still persist among Spanish regions in terms of inequality and
poverty (Ayala et al., 2011). On one hand, an accelerated process of territorial
decentralization has given Spanish regions a certain margin to modulate the
relationships between economic growth and poverty in their territory. On the other
hand, regional differences in Spain stand out among OECD countries. The dispersion of

unemployment rates, the different demographic structure of the regions or the growing

¥ Most studies using Family Budget Surveys and standard poverty thresholds -60 percent of median
equivalent household income— show a similar pattern (Canto et al., 2003 and Ayala et al., 2009).
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disparity in social policies could give rise to very different relationships between the

business cycle and poverty.

[FIGURE 2]

Figure 2 gives general support to the notion that poverty levels drastically differ across
the seventeen Spanish regions. The most relevant trait of this picture is the existence of
a significant territorial dispersion of the proposed poverty measure. The incidence of
poverty in some regions —Extremadura, Andalusia or Canary Islands— is twice that of
those other regions with lowest rates. The time profile of poverty changes is also
somewhat different. Some regions show some lags in the growth of poverty at the

beginning of the great recession while others appear to have more stable trends.’

The key question in our analysis is how these changes are related to the business cycle.
Macroeconomic conditions are represented by the evolution of unemployment and
prices between 1987 and 2010 at a regional level. The Labour Force Survey provides us
with quarterly information on regional unemployment rates while inflation data are

taken from monthly variation of the Consumer Price Index (CPI) by regions.

[FIGURE 3]

Figure 3 presents long-term trends of both macroeconomic indicators. As expected, both
variables show the opposite trend in time, with inflation increasing (falling) when
unemployment falls (increases). However, this behavior does not hold during the whole
period. In the 1993-98 period unemployment and prices simultaneously fell. The reason
was the necessary adjustment of prices to meet the European Monetary Union criteria

for inflation.

Changes in unemployment rates confirm well-defined trends of macroeconomic
conditions in the Spanish economy. After a pronounced reduction of unemployment in
the late eighties, the rates grew sharply at the beginning of the nineties —from about 15

percent in 1991 to about 22 percent in 1994. However, unemployment declined rapidly

? It must be noted that results obtained for the smallest regions —such as Cantabria or La Rioja— should be
interpreted with caution due to the reduced sample size in those territories.
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along the following years in line with economic recovery. Before the great recession
started, Spain was the EU country with the highest employment growth. Aggregate
individual unemployment rates reached their lowest value in two decades in 2007: an 8
percent. These employment gains were eroded again in a very short time. In the early
stages of the last economic downturn unemployment rates dramatically increased —

moving from rates about 8 percent in 2007 to 20 percent in 2010.

[FIGURE 4]

Two different questions arise regarding the interpretation of our estimates on the effects
of unemployment on poverty. First, the impact of unemployment on poverty could be
dramatically different across regions given the large regional differences in income
growth and unemployment during our sample period. Figure 4 plots unemployment
changes in some selected regions and shows that both their levels and, even if more
partially, trends appear to be different. For example, Balearic and Canary Islands show a
largely marked pro-cyclical pattern compared to other regions. Indeed, unemployment
rates in other regions rose slower than the average. In particular, at the beginning of the
great recession aggregate individual unemployment rose only modestly in regions like
the Basque Country. These regional differences reinforce the relevance of panel data
analysis to estimate more precisely the relationship between unemployment and
poverty. Further, our modeling strategy allows for unobserved fixed effects to be

specified in the model.

A second important issue in the analysis is the validity of the aggregate unemployment
rate as the key variable for the relationship between macroeconomic conditions and
poverty. In countries where unemployment is unevenly distributed among the members
of the household, alternative specifications of family unemployment rates can yield
more precise estimates. Throughout the 80s, despite the outsized growth of
unemployment, inequality and poverty rates fell in Spain. The main factor commonly
adduced to explain this apparent contradiction is the crucial protective function that the
Spanish family provided, mainly because unemployment affected most intensely other
members of the family different from the household head: mostly spouses and siblings.
Therefore, other measures of unemployment taking into account this singular intra-

household unemployment distribution might have a more direct effect on the poverty

13



rate. For instance, household heads’ unemployment rates or the proportion of
households where all active members are unemployed are measures that incorporate
intra-household unemployment distribution. In practice, one of the main contributions
of this paper is testing whether or not these indicators provide stronger effects on

poverty than standard measures of unemployment.

[FIGURE 5]

Figure 5 illustrates the changes in various unemployment measures in the long-term.
Two things are notable. One is that, traditionally, these stricter definitions of
unemployment have a much lower incidence among Spanish households than the
overall unemployment rate. Second, the three indicators present remarkable differences
in the great recession as compared to what happened in previous periods of economic

downturns.

Focusing on the results for household heads’ unemployment rate first, and in contrast to
what happened in the short contraction of the early 1990s, this rate has been growing
even more sharply than aggregate individual unemployment in recent times. As
aforementioned, in previous recessions massive youth unemployment was partially
offset by the employment of household heads. In the economic downturn of the late 00s,
this rate has been growing at a higher pace than in any other period reaching its
historical maximum in 2010. While in 1994 —when the aggregate unemployment rate
reached its highest value— household heads’ unemployment rate was about half of
aggregate overall unemployment, during the great recession that proportion increased
up to an 85 percent. A similar behavior can also be observed for the proportion of
workless households in the population. While this type of households were a 2.5 percent
of total population in 2007, by the end of 2010 this group is three times larger. To the
extent that these alternative unemployment measures may have a more direct impact on
extreme forms of poverty, it seems reasonable to consider them adequate explanatory

variables in the specification of our models.

Finally, we should make a reference to the main unemployment benefit reforms
undertaken in Spain during the 1987-2010 period. Since our definition of poverty

comprises households not receiving unemployment benefits, any significant change in
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unemployment protection legislation might produce shifts in poverty trends. Among the
numerous labor market reforms implemented in Spain during the last decades, only a
few have modified either the requirements for receiving an unemployment subsidy or
the level of benefits. Regarding these we find the following relevant reforms. In 1989,
unemployment assistance benefit elegibility was extended to all the unemployed older
than 55 years who are classified as long-term unemployed. In 1992, in contrast,
elegibility was significantly restricted by rising the required minimum period of social
security contributions from six months to one year. In 2002, unemployment subsidies
were reformed further making them more strongly related to previous worker’s
contributions. In the next section, we show that only the first and the third of these labor
market reforms had significant effects on poverty. The 1989 reform helped to reduce

poverty, while the 2002 reform worsened its incidence.

4. ADYNAMIC PANEL DATA MODEL FOR POVERTY CHANGES

Among the different methodological decisions reviewed in previous sections, in this
paper we have chosen to use a measure of severe poverty and a variety of alternative
definitions of unemployment to test the relationship between the business cycle and
poverty. The availability of regional data allows us to consider panel data analysis in
our estimation strategy. Regional data allows for a wider variation in both the
independent and dependent variables over time, which should provide more reliable
estimates of the effects of unemployment on poverty. Regional data can also control for

other unmeasured factors that affect outcomes in particular regions or years.

The standard regression approach to the relationship between the business cycle and
poverty has been Ordinary Least Squares (OLS). Blinder and Esaki (1978) in their
pioneering work stated that more sophisticated techniques did not seem to be called for.
One motive was that there is no reason to expect any important reverse causation from
the income distribution to unemployment or inflation. Second, they argued that
heteroskedasticity would not normally be expected in a regression where none of the
variables (apart from time itself) show much of a time trend. Some authors have
challenged this view using alternative estimation strategies. Jantti (1994), for instance,
applies GLS estimation to analyze the effects of unemployment and inflation on quintile

shares of family income in the U.S. According to him, joint cross-equation tests are
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more appropriate because quintile shares are jointly determined. Generalized Least
Squares (GLS) is generally more efficient for gauging the validity of the model
specification because coherent inference can only be drawn using the full variance-
covariance matrix. Nevertheless, most studies taking a poverty headcount measure as

dependent variable use standard OLS or weighted OLS (Gundersen and Ziliak, 2004).

The growing availability of regional data has allowed a certain development of panel
data analysis in this field. These panel data models have allowed for a better control of
unmeasured factors that affect outcomes in particular regions or particular years.
However, there still are many open questions that could be addressed using regional
panels. The high persistence of poverty, for instance, raises some doubts about the most

convenient panel data method.

In our basic model, severe poverty is explained by lagged levels of poverty,

unemployment and inflation as follows:

Pit =q; +181 Pit—l +ﬂ2 Uit +:B3 T+ & (5)

where P; is severe poverty in region i at time #; o, represents those fixed factors which
are time-invariant and inherent to each region, and are not directly observed or included
in the model, such as regional social, geographical and policy characteristics; Uj; is an
unemployment measure in region i at time #; 7; is inflation in region i at time ¢; finally,
&: encompasses any effects of a random nature which are not considered in the model.
In addition, we also consider three stationary dummies to control for quarterly
variations and three dummies to control for the unemployment benefit reforms in 1989,
1992 and 2002."° The identification of the parameters comes from differences in the
severity and timing of cycles across regions. All variables are taken for each Spanish

region between 1987 and 2010.

' In the next section, we present the results only for severe poverty, inflation, unemployment and the
labor reforms in 1989 and 2002 because the 1992 labor reform is never significant. We have tested for
non-linear effects, in particular, we have included a quadratic term for inflation, unemployment, and both,
but none of them were statistically significant. Also, we have omitted the stationary dummies and,
alternatively, we have seasonally adjusted (according to the X-12 quarterly seasonal adjustment method
and the additive difference from moving average method) the dependent and explanatory variables. In
none of these cases did results change significantly. Note that earnings inequality measures and regional
public transfers are not included in our analysis because, unfortunately, they are not available in our
dataset.
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The lagged level of severe poverty controls for short-term dynamics and conditional
convergence which is of special interest because regions share common targets and

policies. To show this we rewrite the model in (5) as follows:

AP, =a,+(B,-DB + U, +p7, +¢, (6)

The interpretation of equation (6) depends on the level of f;. A f; smaller than one is
consistent with conditional convergence, which means that regions relatively close to
their steady-state per capita poverty levels will experience a slowdown in their poverty
growth. In this case, fixed effects, unemployment and inflation affect to the steady-state
the poverty of region i is converging to. On the other hand, if f; is greater than one,
there is no convergence effect and all regressors would measure differences in steady-
state poverty growth rates. Our results show that f; is lower than one in all cases, so
there is conditional convergence (see section 5). A second interpretation of the
coefficient on the lagged poverty rate is the ability to distinguish between the short —f3,
in equation (6)— and the long-run effects —£>/(1 - ;) in equation (6)— of unemployment
on poverty. Thus, the larger the parameter of persistence, /3, is, the longer the influence

of unemployment upon the poverty time series.

We analyze the effects of unemployment and inflation upon severe poverty by
estimating a dynamic panel data (DPD henceforth) model. A DPD approach is shown to
have important advantages with respect to time series or traditional static techniques.
On one hand, a DPD approach allows us to work with the entire data panel, so
unobserved or omitted fixed effects can be specified to estimate the relevant parameters
in the model (Hsiao, 2002). On the other hand, the high persistence of poverty requires
a dynamic model specification. We assume a standard structure for the error
component: E [g,] = 0; E [a;] = 0; E [a; €] = 0; and, E [&; &] = 0, for i =1,..., N,
t=1,.,Tand s #1.

To estimate our dynamic model, we use the one-step system generalized method of

moments (GMM henceforth) estimator (Arellano and Bover, 1995, and Blundell and

Bond, 1998), which allows for omitted variables, endogeneity and measurement error
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problems. In order to discuss the importance of considering this approach, we follow
Blundell et al. (2000), and compare the system GMM estimates with respect to more
traditional alternative methods —the OLS pooling estimation, the within groups
estimation and the first difference GMM estimation. The first two traditional methods
do not address the endogeneity problem, while the first difference GMM estimator
(Arellano and Bond, 1991) does not consider the weak instruments problem of this
procedure when time series are persistent (Blundell and Bond, 1998), which is the case

for poverty time series.

Traditional procedures for estimating a DPD model are known to be unsuitable (Nickell,
1981, Anderson and Hsiao, 1982, and Hsiao, 2002). This stems from the fact that the
inclusion of a lagged dependent variable in standard OLS pool regressions results in
biased and inconsistent estimates. When applying OLS in expression (5) the total error

component is given by the disturbance &, plus the unobservable individual specific
effect a;. Since Pj; is a function of ¢, it follows that P, , is correlated with ¢; and,

consequently, with the total error component. This implies that the OLS coefficient for
the lagged poverty variable is biased upwards. Furthermore, the fixed effects and
random-effects models do not allow us to handle other problems such as endogeneity,

measurement errors and omitted variables. For instance, the within transformation

wipes out the individual effect ¢, but (P, ,—P_) where P_, :TLZEH is

. _ B R . =
correlated with (g, —¢&;) where &, =—zgit because P, is correlated with &, by
t=1

construction (&, contains &, ). As a result, the Within Groups estimator gives a
downwards-biased estimate of the coefficient for the dynamic term (see Nickell, 1981).

Therefore, a consistent estimate of f; can be expected to lie in between the OLS and

Within Groups estimates (Sevestre and Trognon, 1996 and Bond et al., 2001)."

Arellano and Bond (1991) propose a GMM-based estimator. First differences in the
regression equation are taken to remove unobserved time-invariant effects and then
particular moment conditions for lagged variables are exploited to find a set of

instruments (see the Appendix). This approach allows us to tackle the endogeneity,

' Nerlove (1999, 2000) has made this observation in the context of empirical growth models.
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measurement errors and omitted variables problems. However, the first-differenced
GMM estimator has poor finite sample properties, in terms of bias and precision, when
the time series are persistent, which is the case of poverty. The reason is that, under
these conditions, lagged levels of the variables are only weak instruments (Blundell and
Bond, 1998). In empirical terms, it may be useful to compare first-differenced GMM
results to those obtained by OLS levels and Within Groups. A finding that the first-
differenced GMM estimate of the coefficient on the lagged dependent variable lies close
or below to the corresponding within groups parameter estimate can be regarded as a
signal that biases due to weak instruments may be important. In these cases, it may be
appropriate to consider alternative estimators that are likely to have better finite sample

properties in the context of persistent series.

Blundell and Bond (1998) propose the system GMM approach which might overcome
the weak instruments problem (see the Appendix). First, this procedure estimates a
system of equations in both first-differences and levels. Second, the system GMM
approach uses, in addition to lagged levels of P; as instruments for equations in first
differences, lagged differences of P; as instruments for equations in levels. In contrast
to the two-step version, the one-step system GMM estimator has standard errors that are
asymptotically robust to heteroskedasticity and have been found to be more reliable for
finite sample inference (Blundell and Bond, 1998, Blundell et al., 2000, Bond, 2002,
and Windmeijer, 2005)."? For all these reasons in this paper we choose to use the one-

step system GMM estimator. "

5. RESULTS

'> There may be computational problems in calculating the two-step estimates and serious estimation
errors may arise for the case where the total number of instruments is large relative to the cross-section
dimension of the panel (Arellano and Bond, 1998, and Doran and Schmidt, 2006). Correspondingly, most
empirical works with a relatively small cross-section dimension report results of the one-step GMM
estimator. Moreover, Monte Carlo studies have shown that the efficiency gains of the two-step estimator
are generally small. It also has the problem of converging to its asymptotic distribution relatively slowly.
Hence, in finite samples, its variance-covariance matrix can be seriously biased.

> We use the algorithm xtabond2 programmed in Roodman (2009) for Stata. The assumptions underlying
the GMM methods are validated by using the Hausman, m1, m2 and Hansen tests. The null of the
Hausman test (Hausman, 1978) is the existence of random effects. The null of the m1 and m2 tests is the
absence of first- and second-order serial correlation in the disturbances, respectively. The Hansen test for
overidentification is the standard approach in order to test for the validity of the moment conditions in
GMM estimation.
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The results of the model summarized in the previous section using the one-step system
GMM estimator are presented in Tables 1, 2, and 3. We estimate this basic model using
the three possible unemployment measures. As stated earlier, we compare the results
with those of alternative methods: the OLS pooling estimates (OLS-POOL), the Within
Group estimates (WG), and the first-difference GMM approach (GMM). Associated
with each parameter, the ¢ significance test statistic is also shown. Moreover, standard

specification tests for each model are presented.

According to the estimated results, the Hausman test rejects the null hypothesis of
random effects at any standard level of significance. Second, the ml and m2 tests find
first-order but not second-order serial correlation for any GMM-based estimates. Third,
the Hansen test does not reject the adequacy of moment conditions. Hence, we conclude
that moment conditions underlying GMM estimates are robustly supported. In
accordance to our results, OLS-POOL seems to give an upward-biased estimate of the
P coefficient, while WG appears to give a downwards-biased estimate of this
coefficient. The f; coefficient for the GMM estimation is clearly below the
corresponding WG estimate, suggesting the presence of important finite sample bias
due to weak instruments. In this respect is important to note that the estimated
coefficients of the remaining regressors differ among the alternative procedures.
Consequently, using a method resulting in biased estimates —as in our case the OLS-

POOL, WG or the GMM-— might lead us to mistaken conclusions.

[TABLES 1, 2 and 3]

We can focus our attention on the one-step System GMM estimator computed with
heteroskedasticity-consistent asymptotic standard errors. The parameter estimated for
the endogenous variables are significant, positive and smaller than one. Hence, evidence

for conditional convergence is found.

5.1. The effects of the intra-household distribution of unemployment on poverty

The results for the two indicators representing macroeconomic conditions —inflation and
unemployment— are presented in Rows 3 and 4 in Table 1. Several points are worth

mentioning. In general terms, our results support the contention that cyclical
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fluctuations have a profound effect on poverty. The overall unemployment rate for the
Spanish economy has substantial and significant effects on our measure of poverty.
Focusing our attention on the system GMM estimates, the coefficient is 0.0326 in the

short-term and 0.0959 in the long-term.

In contrast to the results in other countries, the impact of inflation on poverty is well
defined and negative. Previous empirical evidence for Spain shows a more mixed
picture. Using counterfactual income distributions, Farré and Vella (2008) found that
unemployment fattens the lower part of the income distribution but did not find any
statistically significant distributional effect for inflation. However, this divergence
should be taken cautiously due to differences in methodological approaches, the poverty

measure, datasets, and time periods.

The key issue in our estimates is the extent to which results differ when alternative
intra-household unemployment distribution sensitive measures are considered instead of
the aggregate unemployment rate. Table 2 presents the results corresponding to the
unemployment rates for households’ heads. Two things are most notable. One is that the
impact of inflation is similar to the previous case. Second, the coefficient on the
household heads’ unemployment rate has the expected sign and is highly significant. In
all specifications coefficients are larger than those resulting from using the overall

unemployment rate instead.

Similar findings result from the model that considers the proportion of households
where all active members are unemployed as unemployment measure (Table 3). This
proxy of workless households shows again a strong and significant effect of the
business cycle on poverty. The coefficient of inflation is negative and similar to the one
found for the specification with the overall unemployment rate. The results for

unemployment are even stronger than in the two previous models.

Therefore, a plausible case can be made that the intra-household distribution of
unemployment matters in the relationship between the business cycle and poverty.
Despite the fact that the aggregate overall unemployment rate shows strong and
significant effects on severe poverty, the compensating role played by the intra-

household distribution of unemployment might reduce the estimated impact. In order to
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adequately predict poverty changes it seems more reasonable to introduce these

alternative family unemployment rates as explanatory variables.

As previously stated, some specific legislative changes in unemployment protection
may have had significant effect on the poverty indicator. The use of time dummies may
help to capture the specific effects of some of the reforms made to unemployment
benefits during the period under study. More specifically, two dummies were added to
the model trying to catch the effects caused by the implementation of new rules in 1989
and 2002. We find that, to a high degree of statistical confidence, some of these
variables yield relevant effects. While the 1989 reform helped to reduce severe poverty,

the 2002 reform worsened its incidence.'

5.2. Asymmetric effects of the business cycle

So far, we have estimated the global effect of the business cycle on poverty. As
abovementioned, the business cycle might have asymmetric effects on poverty given
that the effect of unemployment could differ in expansions (Exp) and contractions
(Rec). Hines et al. (2001), for instance, found asymmetrical effects of unemployment in
expansions and contractions in the U.S. economy. For employment, working hours, and

earnings, the effects of changes in unemployment rates were larger in recessions.

One common approach to address this issue is to include in the basic model new

temporal variables identifying periods of economic expansions and contractions:

P,=a,+pB P, + B, U, xExp)+ B, (U,xRec)+ B, 7, +¢&, (7

where the dummies Exp and Rec are constructed from the unemployment rate series at a
regional basis."” Focusing only on the system GMM method, we have estimated the
above expression for the three variables of unemployment (the aggregate unemployment
rate, the household heads’ unemployment rate and the proportion of households where

all active members are unemployed). Results are presented in Table 4. We observe that

' The effects of the 1992 reform that imposed more severe restrictions on the access to unemployment
subsidies are not well defined. This might explain why a new reform was put into action some years later.
' We have also tried using a national-business-cycle dating, though the results did not change
significantly.
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a given change in unemployment has a larger (and statistically more significant) effect
in a recession than in an expansion, though the differences are not statistically

significant in any of the three cases.

[TABLE 4]

There may be different reasons for the mixed evidence found regarding asymmetric
effects here. First, recession periods in Spain in our time window are relatively short
and thus the number of observations during economic downturns might be too small in
comparison to the number during expansion periods. Secondly, the high persistence of
the dependent variable makes it rather difficult to find significant differences in the
observed changes in the business cycle. Thirdly, expansions and recessions results
might be sensitive to different specifications including temporal effects for
unemployment protection reforms. In Table 4 we also present results for alternative
specifications excluding the covariates representing these reforms. Although
coefficients do not improve in their significance, there are more marked differences in
the effects of unemployment changes in recessions and expansions when reform
dummies are excluded. Thus excluding these dummies seems more relevant in all cases
and especially when macroeconomic conditions are represented by the proportion of

households where all active members are unemployed.

We extend our analysis by also considering the role of the duration of recessions and
expansions on the impact of unemployment on poverty. Long-term changes in poverty
can be due not only to the transition from a period of long-lasting growth to an
economic downturn but also to the different length of both processes. The duration of
expansions may be measured as the number of quarters since the most recent trough (0
if in a recession), while the duration of recessions is measured as the number of quarters
since the most recent peak (0 if in an expansion). In this case, the expression to be

estimated is the following:

Li=o+ BB+ Uy + B (U, x DExp) + B, (U, x DRec) + fs m, + &, (8)
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where the dummies DExp and DRec represent the duration of expansions and
recessions, respectively. This specification allows the effect of unemployment to differ
as quarters accumulate in periods of expansion or recession. Initially, results appear to
show that length dummies have a non-significant effect on poverty (see Table 5).
However, results change significantly when the covariates capturing the potential
effects of reforms of the unemployment protection system are dropped from the basic
specification. Despite the fact that coefficients for the length of the economic cycle are
still small, the effects become stronger and significant. Indeed, for all the three
unemployment variables, the coefficients estimated for the length of recessions are

almost twice as large as those estimated for the duration of expansions.

[TABLE 5]

Finally, we test if the relationship found between unemployment and poverty is stable
over time. To check for a structural break in the effect of unemployment, we examine
whether the most recent cycle, from the third quarter of 2007 onwards, differs from the
earlier period. For this task, we add a dummy (Post07) and interact it with the

unemployment variable. The model is as follows:

P,=a;,+p P,_ +BU,+ B Post07+ B, (U, x Post0T)+ s x,, + &, )

The estimates for this model are shown in Table 6. We observe that sensitivity to the
cycle increased in the last period of time, although the effect is only important and
statistically significant for the household heads’ unemployment rate. From these results,
we can conclude that one main consequence of the great recession, in comparison with
previous recession periods, has been the increase in the effect of unemployment on

severe poverty in Spain through a massive destruction of employment in households’
heads.

[TABLE 6]

6. CONCLUDING REMARKS
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The question of whether or not poverty depends on changes in macroeconomic
conditions has attracted a great deal of attention from economists and policymakers. For
many years now, the most popular way of testing this relationship has been by means of
models that were able to track poverty based on the unemployment rate and inflation.
While for many decades these models worked reasonably well in predicting poverty,
since the mid-eighties they became less accurate to foresee changes in this variable. Due
to the continuous increase in unemployment rates since the very beginning of the great
recession these models have gained renewed interest. The key question is the extent to

which substantial increase in unemployment has resulted in increasing poverty rates.

The possibilities of these models to provide a clear picture of these effects is largely
constrained by the way macroeconomic conditions —and especially unemployment— are
captured. The usual procedure of selecting the aggregate unemployment rate as an
indicator of the most relevant employment conditions for low-income households might
diminish the predicting capacity of these models. The unemployment rates for
households’ heads or the proportion of workless households might be better alternatives
to foresee changes in the incidence of poverty. Additionally, most of these models have
not addressed the key question of plausibly different responses of poverty rates to
periods of expansion and recession. Poverty could be less sensitive to employment

growth than to increasing unemployment rates.

This paper has tried to extend the traditional models to forecast poverty using a dynamic
panel data model for severe poverty in Spain. We have used a panel data for seventeen
Spanish Regions from 1987 to 2008 considering inflation and unemployment as our
main explanatory variables —as it is most common in the related literature—. More
precisely, we have used the one-step System GMM approach of Blundell and Bond
(1998) finding that both covariates are significant in order to explain the evolution of
poverty in Spain. Unemployment has a positive and significant impact on severe
poverty, while inflation has a negative and significant impact on it. We also find that
some of the enacted reforms of the unemployment protection system produced relevant
effects on severe poverty: while the 1989 reform helped to reduce severe poverty, the

2002 reform worsened its incidence.
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A key issue in our results is that among the three unemployment variables considered,
the aggregate rate of unemployment has the lowest coefficient, while the percentage of
households where all active members are unemployed has the highest one. Therefore,
despite the fact that the aggregate overall unemployment rate shows strong and
significant effects on severe poverty, the compensating role played by the intra-
household distribution of unemployment might reduce its estimated impact. In order to
adequately predict poverty changes it seems more reasonable to introduce as covariates
these alternative rates that are sensitive to the intra-household distribution of

unemployment.

Regarding the possibility of asymmetric effects of expansions and recessions our results
show that changes in unemployment have larger and more significant effects in
recession periods than in expansions, but the differences are not too large. When
temporal effects are dropped from the basic model, the incidence of recessions on
poverty seems higher. A similar result was found for the length of the different changes
in the business cycle with more relevant effects for the duration of expansions. Finally,
we also found that one of the main consequences of the great recession has been the
increasingly strong effect of the massive destruction of employment for households’

heads on severe poverty.

On the methodological side, a remarkable issue we should mention is that alternative
estimation strategies exhibit largely biased estimates, which should call researchers’
attention to the importance of considering a suitable estimation method. The procedure
used here has been shown to solve many of the problems that arise in traditional panel
data procedures. In fact, our results suggest that it may be of interest to review the
results obtained with traditional procedures for the cyclical determinants of poverty, and

show the relevance of considering a suitable panel data estimation method.
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Appendix: Estimating a DPD Poverty Model by System GMM

To estimate our dynamic model, we use the one-step System GMM estimator (Arellano
and Bover, 1995, and Blundell and Bond, 1998), which allows for omitted variables,
endogeneity and measurement error problems, and avoids using weak instruments with

persistent series like poverty. We should first differentiate equation (5) and remove the

fixed effect terrn,]6

AP, = BAP, |+ B, AU, + B, Ar, +Ag,, (A1)

and then assume a standard structure for the error component and that the initial
condition P;; is predetermined, that is, £ [P;; ] =0 fori=1,..,Nandt=2,...,T. As a

result, the following orthogonally moment conditions are valid:
E [Pis Agy] =0 (A2)

t=3,., Tand 2 < s <1, for i = 1,.., N. These conditions can be written more
compactly as E [ Z,;Ag] = 0 for i = 1,.., N where Z; is the (7-2) x 0.5(7-1)(7-2) matrix

given by:

[P, P, ] (A3)
0 [Pss Prs]

and Ag; is the (7-2) vector (A&, A&y, ..., A&gT).

We assume that explanatory variables (inflation and unemployment) and disturbances
are correlated so regressors are endogenous. This is more general than assuming
exogenous or predetermined regressors which satisfy more restrictive assumptions. In
particular, strictly exogenous regressors cannot be correlated with disturbances at any
date, while predetermined regressors cannot be contemporaneously correlated with

disturbances (Bond et al., 2001 and Bond, 2002). Besides, the omission of other

' To simplify the exposition of this section, we do not include stationary or labor reform dummies.
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regressors might cause the correlation of the regressors and disturbances (Baltagi,

2008).

Consequently, assuming that £ [U;; &/ =E [m; ¢x]=0fori=1,..,Nandt=2,..., T we
have the following additional 0.5(7-1)(7-2) moment conditions for each endogenous

regressor:

E[Uis Agi] =0

E [ 7 Agi] =0 (A4)

t =3,.,Tand 2 <s < t1, for i = 1,.., N. By adding these new conditions to each
diagonal element of Z; in (A3) we obtain the following (7-2) x 1.5(7-1)(7-2) matrix:

[Pil’Un’”n] 0
[Pil’PiszilvUizaﬂfl’”iz] . (A5)

0 Bios P UpyoosUpp 5 Ty s Ty ]

z" =

1

Then, the matrix of instruments Z” :[ZID zy .. Zy ]’ is exploited by the first-

difference GMM estimator.'’

As mentioned in the main text, this approach allows us to tackle the endogeneity,
measurement errors and omitted variables problems. However, the first-differenced
GMM estimator has poor finite sample properties when the time series are persistent
(our case). In this case, we should use the System GMM approach proposed by Blundell

and Bond (1998), which might overcome the weak instruments problem.

Let us consider the additional assumptions that are required to apply the system GMM
approach. Following Blundell and Bond (1998), we additionally assume that

'7 Note that additional instruments are available if regressors are predetermined or strictly exogenous
variables (Bond ef al., 2001, and Bond, 2002).
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E [o; AP;3] = E [0; AUj] = E [0; Amz] = 0 for i = 1,.., N. These assumptions combined

with the model set out above yield 3-(T-2) further linear moment conditions:

E[viAP;i;]=0 fori=1,.,Nandt=3,..., T,
E[viAU:/]=0 fori=1,.,Nandt=3,..., T,

EviAm =0 fori=1,.,Nandt=3,...,T (A6)

where v, =a; +¢,. These allow the use of lagged first-differences of the series as

instruments for equations in levels, as suggested by Arellano and Bover (1995).

Given all the above conditions, we obtain, for every cross-section i, the following 2(7-

2) x [L.5(T-1)(T-2) + 3(T-2)] matrix:

[2."] 0
75 _ [Apiz AU, A”u] (A7)

0 [APIT—I AU Az, ]

where Zl.D is given in (AS). The new matrix of instruments is therefore

Z= [Z RV ANY / f,]’ and the system GMM estimator is

A _ ~ -1 ~ ~
ﬂ:(X'ZGNZ'Xj (X'ZGNZ'YJ (A8)
where
_API ] _APH AU, Ar, ]
A - lap,| - |ap,., AU, An,
ﬂ — ﬂ N Y: 5 X: h (A9)
- A P U, T
Bs
| Py | | Py Uy Ty |

33



and AP, =[AP, AP, ] R=[p,..B,| AP, =[ap, .ap, | P =[P, .. B ],

- L
AU =[au, . au, |, U =lu, .U, Ar =|an, x| 7 =|a, .. x,] for
i=1,.N.

Two possible choices for the matrix Gy result in two different system GMM estimators.

The one-step system GMM estimator sets:

N , -1
Gy, = (Z zZ5 GZ° j (A10)

i=1

where the G matrix is a 2(7-2) square matrix with 2’s on the main diagonal, -1 on the

first off-diagonals and zero elsewhere. The two-step system GMM estimator sets:

N ' -1
Gy ,= [ZZ,.S AOI.AOi'ZiS] (Al1)

i=1
where estimated residuals are computed from the one-step System GMM estimator.
The one-step System GMM estimator has standard errors that are asymptotically robust
to heteroskedasticity and have been found to be more reliable for finite sample inference

(Blundell and Bond, 1998, Blundell et al., 2000, Bond, 2002, and Windmeijer, 2005).

Consequently, we apply this estimator in our empirical exercise.
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Table 1. Estimates of the poverty dynamic model.
(Unemployment: aggregate unemployment rate)

WG (Fixed
OLS-POOL GMM System GMM
Effects)
Regressors Estimates t Estimates t Estimates t Estimates t
Lag of poverty 0.7535 46.45 0.6083 30.61 0.5044 26.58 0.6599 14.88
Inflation -0.0344  -344 | -0.0378 -3.92 -0.0403 -426 | -0.0369 -3.80
Unemployment 0.0237 10.65 0.0257 10.19 0.0329 7.05 0.0326 8.62
Unem. benefit
-0.0182  -0.50 | -0.0883 -2.48 -0.1368 -2.82 | -0.0455 -1.12
reform 1989
Unem. benefit
0.1180 5.52 0.1328 6.33 0.1422 3.53 0.1492 5.93
reform 2002
Tests Estimates Dp- Estimates p- Estimates p- Estimates p-
R’ 0.758 - 0.756 - - - - -
Hausman test -- -- 175.57 0.00 -- -- -- --
ml test -- -- -- -- -3.83 0.00 -3.80 0.00
m?2 test -- -- -- -- 0.17 0.86 0.54 0.59
Hansen test -- -- -- -- 14.75 1.00 11.38 1.00

Note: OLS-POOL is OLS applied to the entire pool of data and WG is the Within Groups estimator. For
GMM estimates, we take as instruments the lagged levels of P and the endogenous regressors dated #-2
and earlier. For System GMM estimates, we use the lagged difference of P and all regressors dated ¢-1 as
additional instruments. For the GMM and System GMM, we report their one-step estimations. R is the
coefficient of determination. The null of the Hausman test is the existence of random effects. The null of
the ml and m2 test is the absence of first- and second-order serial correlation in the disturbances,
respectively. The null of the Hansen test is the adequacy of moment conditions. Number of regressors: 8
(stationary dummies are not shown); number of cross sections: 17; number of time periods: 95 (198711Q-

20101VQ).
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Table 2. Estimates of the poverty dynamic model.
(Unemployment: unemployment rates for households’ heads)

WG (Fixed
OLS-POOL GMM System GMM
Effects)
Regressors Estimates t Estimates t Estimates t Estimates t
Lag of poverty 0.6913 40.29 0.5839 29.60 0.4988 20.92 0.6356 14.66
Inflation -0.0315 -3.23 -0.0340  -3.58 | -0.0358 -3.78 | -0.0327 -3.41
Unemployment 0.0496 14.28 0.0515 12.71 0.0593 7.22 0.0589 10.27
Unem. benefit
-0.1147 -3.17 -0.1702 -4.79 | -0.2197 -442 | -0.1419  -3.19
reform 1989
Unem. benefit
0.1115 5.55 0.1203 6.10 0.1209 3.77 0.1248 5.35
reform 2002
Tests Estimates  p-value | Estimates p- Estimates p- Estimates p-
R’ 0.770 - 0.769 - - - - -
Hausman test -- -- 151.07 0.00 -- -- -- --
ml test -- -- -- -- -3.86 0.00 -3.82 0.00
m?2 test -- -- -- -- 0.23 0.820 0.57 0.57
Hansen test -- -- -- -- 9.57 1.00 12.45 1.00

Note: see Note on Table 1.

Table 3. Estimates of the poverty dynamic model.
(Unemployment: percentage of households where all active members are unemployed)

OLS-POOL WG (Fixed GMM System GMM
Effects)

Regressors Estimates t Estimates t Estimates t Estimates t
Lag of poverty 0.7158 42.50 0.5521 27.18 0.4612 19.42 0.6491 12.80
Inflation -0.0326 -3.30 -0.0355  -3.77 | -0.0376  -3.78 | -0.0339  -3.49
Unemployment 0.0599 12.88 0.0739 13.88 0.0840 6.56 0.0758 8.09
Labor Reform 1989| -0.0613 -1.70 -0.1393 -3.99 | -0.1892  -3.69 | -0.0850 -2.06
Labor Reform 2002 | 0.1420 6.67 0.1746 8.37 0.1807 5.17 0.1700 7.12

Tests Estimates p-value | Estimates p- Estimates p- Estimates p-

R’ 0.765 - 0.759 -- - - -- --

Hausman test -- -- 235.12 0.00 -- -- -- --
ml test -- -- -- -- -3.88 0.00 -3.81 0.00
m?2 test -- -- -- -- -0.01 0.99 0.49 0.62
Hansen test -- -- -- -- 8.09 1.00 10.53 1.00

Note: See Note in Table 1
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Table 4. The role of expansions and recessions.
(System GMM estimates)

Households’ Heads
Unemployment Rate
Unemployment Rate

All Active Members
Unemployment Rate

Regressors Estimates t Estimates t Estimates t Estimates t Estimates t Estimates t
Lag of poverty 0.6607 14.93 0.7096 17.66 0.6375 14.95 0.6858 18.93 0.6498 12.98 0.7134 17.49
Inflation -0.0371 -3.90 -0.0462 -4.72 -0.0334 -3.53 -0.0384 -3.85 -0.0343 -3.63 -0.0444 -4.53
U, x expansion 0.0321 7.48 0.0229 5.18 0.0570 9.77 0.0459 8.67 0.0746 7.91 0.0516 6.67
U x recession 0.0326 8.67 0.0265 7.03 0.0595 10.32 0.0521 9.65 0.0763 8.08 0.0617 7.50
Unem. benefit
-0.0452 -1.14 -0.1390 -3.29 -0.0842 -2.11
reform 1989
Unem. benefit
0.1462 6.56 0.1186 542 0.1666 7.48
reform 2002
Tests Estimates  p-value | Estimates p-value | Estimates p-value | Estimates  p-value | Estimates p-value | Estimates  p-value
ml test -3.80 0.00 -3.82 0.00 -3.82 0.00 -3.85 0.00 -3.81 0.00 -3.84 0.00
m?2 test 0.54 0.587 0.66 0.508 0.57 0.568 0.61 0.541 0.50 0.62 0.65 0.52
Hansen test 12.52 1.00 6.06 1.00 9.40 1.00 13.56 1.00 13.15 1.00 13.70 1.00

Note: see Note on Table 1.
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Table 5. The role of the length of expansions and recessions.
(System GMM estimates)

All Active Members

Unemployment Rate

Households’ Heads
Unemployment Rate
Unemployment Rate

Regressors Estimates t Estimates t Estimates t Estimates t Estimates t Estimates t
Lag of poverty 0.6522 16.25 0.6968 19.30 0.6324 15.54 0.6798 19.65 0.6352 14.10 0.6995 18.69
Inflation -0.0361 -3.88 -0.0425 -4.28 -0.0328 -3.55 -0.0350 -3.49 -0.0326 -3.57 -0.0395 -3.99
Unemployment 0.0342 7.40 0.0251 5.77 0.0580 10.00 0.0474 9.34 0.0781 8.24 0.0546 7.53
U, x length
0.0001 0.97 0.0002 2.57 0.0002 1.05 0.0003 1.90 0.0005 1.87 0.0007 2.95
exp.
U, x length
-0.0001 -0.22 0.0004 1.65 0.0003 0.74 0.0006 1.75 0.0002 0.33 0.0012 2.10
rec.
Unem. benefit
-0.0554 -1.50 -0.1546 -3.99 -0.1128 -3.27
reform 1989
Unem. benefit
0.1495 6.20 0.1123 4.63 0.1657 6.55
reform 2002
Tests Estimates  p-value | Estimates p-value | Estimates p-value | Estimates  p-value | Estimates p-value | Estimates p-value
ml test -3.79 0.00 -3.82 0.00 -3.82 0.00 -3.86 0.00 -3.80 0.00 -3.85 0.00
m?2 test 0.53 0.593 0.62 0.534 0.57 0.567 0.59 0.557 0.49 0.63 0.60 0.55
Hansen test 11.47 1.00 13.21 1.00 10.45 1.00 14.87 1.00 7.68 1.00 13.94 1.00

Note: see Note on Table 1.
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Table 6. Tests for a structural break in the effect of unemployment.

(System GMM estimates)

Unemployment

Households’ Heads

All Active Members

Rate Unemployment Rate Unemployment Rate
Regressors Estimates t Estimates t Estimates t
Lag of poverty 0.6571 14.15 0.6115 13.31 0.6435 11.86
Inflation -0.0351 -3.47 -0.0298 -3.02 -0.0323 -3.24
Unemployment 0.0312 7.13 0.0564 10.00 0.0721 8.07
Post07 0.0557 0.64 -0.1357 -1.44 -0.0062 -0.09
U, x Post07 0.0018 0.24 0.0309 2.50 0.0155 0.95
Unem. benefit
reform 1989 -0.0488 -1.20 -0.1517 -3.30 -0.0885 -2.08
Unem. benefit
reform 2002 0.1098 6.12 0.0738 3.45 0.1329 7.58
Tests
ml test -3.81 0.00 -3.84 0.00 -3.82 0.00
m?2 test 0.55 0.58 0.52 0.61 0.49 0.62
Hansen test 5.72 1.00 6.91 1.00 7.26 1.00

Note: see Note on Table 1.
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FIGURE 1. Poverty rate, 1987-2010
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FIGURE 4. Unemployment rates in selected regions, 1987-2010
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FIGURE 5. Alternative unemployment rates, 1987-2010
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