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Abstract 

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, economic downturns are associated with 
increases in inequality and poverty while periods of strong aggregate growth are supposed to 
contribute to reduce the share of poor individuals in the total population. Using panel data on 
Spanish regions we estimate a System GMM model in order to estimate these relationships. Our 
results show that both unemployment and inflation are significant variables in order to explain the 
evolution of poverty in Spain. More precisely, unemployment has a positive and significant impact 
on extreme poverty, while inflation has a negative and significant impact on extreme poverty. 
Among the three specified unemployment variables, the aggregate rate of unemployment has the 
lowest coefficient, while the percentage of households where all active members are unemployed 
has the highest coefficient. Moreover, we find that the alternative estimation procedures exhibit 
largely biased estimates, which call our attention to the importance of considering a suitable 
estimation method. 
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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, economic downturns 

are associated with increases in inequality and poverty while periods of strong aggregate 

growth are supposed to contribute to reduce the share of poor individuals in the total 

population. In recent times, however, many OECD countries have experienced strong and 

rapid economic expansions, only broken by short periods of mild recessions, while 

poverty and income inequality indicators have been proved to be rather stable and, in 

some cases, they have even been rising.  

 

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. Most of these models were able to track poverty based on 

the unemployment rate and the inflation rate.  

 

For many years, these models worked reasonably well in predicting poverty. Since the 

mid-eighties, however, they became less accurate in order to foresee changes in the 

economic security of low-income households. 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 unemployment rate as an indicator of the most relevant employment conditions for 
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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 second limitation of these models refers to the implicit assumption of symmetric 

responses of poverty 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 an increasing unemployment rate. 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 long time period of data –from 1987 to 2008– and a panel of regional poverty and 

unemployment rates. 

 

There are several reasons why the Spanish case should interest 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 17.9 per 

cent in only two years while the proportion of households where all active members were 

unemployed changed from 2.6 to 6.3 per cent. On the other hand, Spain also stands out as 

one of the countries having the lowest percentage of unemployed heads. The 

concentration of the rather high unemployment figures in spouses and other members of 
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the households 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 levels across regions– makes most interesting the use of panel data on 

regional poverty and macroeconomic conditions.  

 

We use quarterly regional data to estimate the effects of alternative measures of 

unemployment and inflation on poverty in Spain. In order to avoid some of the intrinsic 

limitations of relative measures we use an absolute notion of poverty. Poverty rates are 

estimated as the proportion of households with no labor income and no income from 

Social Security or unemployment benefits. We first use a standard model of the effects of 

the business cycle on poverty using unemployment rates and inflation rates as covariates. 

Then we consider substituting aggregate unemployment by either the unemployment 

rates for household heads or the proportion of households where all active members are 

unemployed. 

 

In general, in this paper we try to estimate the influence of business cycle on poverty. We 

analyze the effects of unemployment and inflation upon extreme 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. Firstly, a 

DPD approach allows for working with the entire data panel, so unobserved or omitted 

fixed effects can be specified to estimate the relevant parameters in the model (Hsiao, 

1986). Secondly, the high persistence of the poverty phenomenon requires that a dynamic 

model be specified (references).  

 

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

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

Bond, 1998), which allows for omitted variable, endogeneity and measurement error 
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problems.1 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 (see 

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.  

 

The endogenous variable is extreme poverty measured by the percentage of households 

that do not have earnings during the period under consideration. In addition to the 

dynamic term of poverty (the lagged level of extreme poverty), we consider as 

explanatory variables unemployment and inflation. Unemployment is represented by 

three different measures: the rate of unemployment, the percentage of households where 

all its members are unemployed and the percentage of households where the head is 

unemployed. Inflation is represented by the rate of variation in the consumer price index. 

All variables are measured at a regional level. Unfortunately regional GDP and regional 

public transfers are not available.  

 

We find that both explanatory variables are significant to explain the evolution of poverty 

through the business cycle in Spain. In particular, unemployment has a positive and 

significant impact on extreme poverty, while inflation has a negative and significant 

impact on extreme poverty. Among the three specified unemployment variables, the rate 

of unemployment has the lowest coefficient, while the percentage of households where 

all its members are unemployed has the highest coefficient. Moreover, we find that the 

alternative estimation procedures exhibit important biased estimates, which call attention 

to the importance of considering a suitable estimation method. 

 

                                                   
1 See Forbes (2000), Bond et al. (2001) and Shioji (2001), among others, for a use of the one-step system 
GMM estimator in the growth literature. 
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The organization of the paper is as follows. In Section 1 we revise the literature on 

macroeconomic conditions and poverty. Section 2 presents the DPD poverty model and 

briefly comments the system GMM approach. Section 3 describes the data used in the 

analysis. Section 4 estimates the effects of business cycle upon poverty and discusses 

main results. Finally, Section 5 presents main conclusions. 

 

1. Macroeconomic Conditions and Poverty 

t.b.w. 

 

2. A Dynamic Panel Data Model for Poverty 

In our model extreme poverty is explained by lagged levels of poverty, unemployment 

and inflation as follows:  

 

ititititiit UPP    3211    (1) 

 

where Pit is extreme poverty in region i at time t; αi represents those fixed factors that are 

time-invariant and inherent to each region such as social, geographical and policy 

regional aspects; Uit is an unemployment measure in region i at time t; it is inflation in 

region i at time t; finally, it encompasses effects of a random nature which are not 

considered in the model.  

 

The lagged level of extreme 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 (1) as follows: 

 

ititititiit UPP    3211 )1(    (2) 

 

We analyze the effects of unemployment and inflation upon extreme 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. 
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Firstly, 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, 1986). Secondly, the high persistence of the poverty phenomenon requires a 

dynamic model specification. To estimate our dynamic model, we use the one-step 

system generalized method of moments (GMM henceforth) estimator (see Arellano and 

Bover, 1995 and Blundell and Bond, 1998), which allows for omitted variables, 

endogeneity and measurement error 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 (see 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.  

 

We assume a standard structure for the error component: E [it] = 0; E [αi] = 0;    E [αi it] 

= 0; and, E [it is] = 0, for i =1,..., N,  t =1,..., T and s ≠ t. Unfortunately regional GDP 

and regional public transfers are not available. All variables are taken for each Spanish 

region between 1987 and 2008. 

 

The lagged level of extreme 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 (1) as follows: 

ititititiit pyy    3211 )1(    (2) 

The interpretation of equation (2) depends on the level of 1. A 1 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 slowndown 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 1 is greater than one, there 

is no convergence effect and all regressors would measure differences in steady-state 
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poverty growth rates. Our results show that 1 is lower than one in all cases so there is 

conditional convergence (see section 5). 

 

Traditional procedures for estimating a DPD model are known to be unsuitable (see 

Nickell, 1981, Anderson and Hsiao, 1982 and Hsiao, 1986). On one hand, fixed effects 

would be omitted in a standard OLS pool regression, resulting in bias and inconsistent 

estimates. In particular, the OLS coefficient for the lagged variable is biased upwards. On 

the other hand, the fixed effects and random-effects models do not allow us to handle the 

endogeneity, measurement errors and omitted variables problems. As a result, the Within 

Groups estimator gives a downwards-biased estimate of the coefficient for the dynamic 

term. Therefore, a consistent estimate of 1 can be expected to lie in between the OLS 

and Within Groups estimates (see Sevestre and Trognon, 1996 and Bond et al., 2001).2 

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. Assume a standard structure for the error component and that the initial 

condition yi1 is predetermined, that is, E [yi1 it] = 0 for i = 1,..., N and t = 2,..., T. Then, 

the following orthogonally moment conditions are valid:  

E [yit-s it] = 0     (3) 

for i = 1,.., N, t = 3,..., T and s  2. These conditions can be written more compactly as    

E [ '
iZ i] = 0 for i = 1,.., N where Zi is the (T-2) x 0.5(T-1)(T-2) matrix given by 
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and i is the (T-2) vector (i3, i4, …, iT)’.  

We assume that explicative 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, 

                                                   
2 Nerlove (1999, 2000) has made this observation in the context of empirical growth models.  
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strictly exogenous regressors cannot be correlated with disturbances at any date, while 

predetermined regressors cannot be contemporaneously correlated with disturbances. 

Besides, the omission of other regressors like regional GDP might cause the correlation 

of the regressors and disturbances (see Baltagi, 2008).  

 

Consequently, assuming that E [i1 it] = E [pi1 it] = 0 for i = 1,..., N and t = 2,..., T we 

have the following additional 0.5(T-1)(T-2) moment conditions for each endogenous 

regressor:  

E [it-s it] = 0 

    E [pit-s it] = 0     (5) 

for i = 1,.., N, t = 3,..., T and s  2. By adding these new conditions to each diagonal 

element of Zi in (4) we obtain the following (T-2) x 1.5(T-1)(T-2) matrix: 
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Then, the matrix of instruments    D
N

DDD ZZZZ ...21  is exploited by the first-difference 

GMM estimator.3 

 

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, 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 
                                                   
3 Note that additional instruments are available if regressors are predetermined or strictly exogenous 
variables (see Arellano and Bond, 1991). 
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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. First, this procedure estimates a system of equations in both 

first-differences and levels. After, the system GMM approach uses, in addition to lagged 

levels of yit as instruments for equations in first differences, lagged differences of yit as 

instruments for equations in levels. We now consider the additional assumptions that are 

required to apply the system GMM approach. Following Blundell and Bond (1998), we 

additionally assume that E [αi yi2] = E [αi µi2] = E [αi pi2] = 0 for i = 1,.., N. These 

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

conditions 

E [vit yit-1] = 0   for i = 1,.., N and t = 3,..., T, 

E [vit µit-1] = 0   for i = 1,.., N and t = 3,..., T,   

    E [vit pit-1] = 0   for i = 1,.., N and t = 3,..., T             (7) 

where itiitv   . 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(T-2) x 

[1.5(T-1)(T-2) + 3(T-2)] matrix: 
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where D
iZ  is given in (6). The new matrix of instruments is therefore 

  S
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SS ZZZZ ...21 and the system GMM estimator is  
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and    iTii yyy ...3 ,   iTii yyy ...3 ,    121 ... iTii yyy ,    121 ... iTii yyy , 

  iTii  ...3 ,   iTii  ...3 ,   iTii ppp ...3 ,   iTii ppp ...3 for        

i = 1,.., N. 

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

The one-step system GMM estimator sets  

1
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where the G matrix is a 2(T-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 
1
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2, 'ˆˆ
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where estimated residuals are computed from the one-step GMM estimator. 

In this paper we use the one-step system GMM estimator. In contrast to the two-step 

version, the one-step GMM estimator has standard errors that are asymptotically robust to 

heteroskedasticity and have been found to be more reliable for finite sample inference 

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

2005).4 

To validate the assumptions underlying the GMM methods we use the Haussman, m1, m2 

and Hansen tests. The null of the Haussman test (Haussman, 1978) is the existence of 

                                                   
4 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 (see 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.  
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random effects. The null of the m1 and m2 tests is the absence of first- and second-order 

serial correlation in the disturbances, respectively. In this kind of models, it is expected 

only the presence of first-order serial correlation. Finally, the Hansen test of 

overidentification is the standard approach for testing the validity of the moment 

conditions in GMM estimation.5  

 

Once the methodology has been shown, we describe the data used in the analysis in the 

next section.  

 

3. Poverty, Unemployment and inflation Data for Spain: 1987-2008 

Our panel data consists in three variables (poverty, unemployment and inflation) 

measured for every Spanish region (17 regions) from 1987 to 2008. We consider annual 

data to avoid modeling seasonal dynamics. In Table 1 we present the main statistics of 

the database. 

 

Table 1. Main statistics of the database. t. b. w. 

 

The dependent variable, extreme poverty, is represented by the percentage of households 

that do not have earnings. In figure 1 we show poverty between 1987 and 2008 at a 

regional level.  

 

The business cycle is represented by the evolution of unemployment and prices between 

1987 and 2008 at a regional level. Unemployment is proxy by three different measures: 

the rate of unemployment, the percentage of households where the head is unemployed 

and the percentage of households where all its members are unemployed. Comments. 

In the rest of the paper we focus on results for the percentage of households where all its 

members are unemployed though results for the other two measures are similar (see 

Appendix).  

 

                                                   
5 The m1 and m2 tests are asymptotically N(0,1) distributed under the null. The distribution of the Hansen 
test is a chi-squared distribution with degrees of freedom equal to the number of moment restrictions minus 
the number of parameters estimated.  
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Finally, inflation is represented by the rate of variation in the consumer price index.  

 

4. Effects of Business Cycle upon Poverty: Results 

The results of this section show the manner in which business cycle affects poverty. 

Moreover, the importance of considering an appropriate quantitative approach to estimate 

a dynamic poverty model is characterized. 

Following Blundell et al. (2000), we compare the results of alternative methods for the 

poverty model: the OLS pooling estimates (OLS-POOL), the Within Group estimates 

(WG), the first-difference GMM approach (GMM) of Arellano and Bond (1991) and the 

system GMM method (System GMM). The poverty model estimates are shown in Table 

2 for all these alternative methods. Associated with each parameter, the t significance test 

statistic is also shown. Moreover, standard specification tests for each model are 

presented. First, the Haussman 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. 

Now, we compare the OLS-POOL, WG, GMM and System GMM estimates. In 

accordance to results in Table 2, OLS-POOL seems to give an upward-biased estimate of 

the 1 coefficient (0.7145), while WG appears to give a downwards-biased estimate of 

this coefficient (0.4526). The 1 coefficient for the GMM estimation is clearly below the 

corresponding WG estimate, suggesting the presence of important finite sample bias due 

to weak instruments (see Blundell and Bond, 1998). In this respect is important to note 

that the estimated coefficients of the remained regressors differ among the alternative 

procedures. Consequently, using a method resulting in bias estimates as in our case the 

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

 

Table 2. Estimates of the poverty dynamic model 
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Finally, we focus our attention on the one-step System GMM estimator. This estimator is 

computed with heteroskedasticity-consistent asymptotic standard errors. The parameter 

estimated for the endogenous variable is significant, positive and minor than one 

(0.5776). Hence, evidence for conditional convergence is found. The estimate indicates 

that the rate of convergence for the poverty level, conditioned to its long-term 

equilibrium levels in each region, is about 42%. 

 

5. Concluding Remarks 

This paper has estimated a DPD model for poverty in order to characterize the main 

cyclical determinants of extreme poverty in Spain. This information is necessary to 

understand the evolution of poverty during expansions and recessions. We have used a 

panel data for seventeen Spanish Regions from 1987 to 2008. As explanatory variables, 

we have considered inflation and unemployment which are the most commonly used in 

the related literature. 

 

We use the one-step System GMM approach of Blundell and Bond (1998), which has 

been shown to solve many of the problems that arise in traditional panel data procedures. 

In fact, our results call attention to revisit results obtained with traditional procedures for 

the cyclical determinants of poverty, and show the relevance of considering a suitable 

estimation method.  

 

For the sample used, we have found that all explanatory variables are significant to 

explain the evolution of poverty in Spain. In particular, we find that both unemployment 

and inflation are significant variables in order to explain the evolution of poverty in 

Spain. More precisely, unemployment has a positive and significant impact on extreme 

poverty, while inflation has a negative and significant impact on extreme poverty. Among 

the three specified unemployment variables, the aggregate rate of unemployment has the 

lowest coefficient, while the percentage of households where all active members are 

unemployed has the highest coefficient. Moreover, we find that the alternative estimation 

procedures exhibit largely biased estimates, which call our attention to the importance of 

considering a suitable estimation method. Our tests also show that the effects of 
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expansions are different from those of economic downturns, confirming to some extent 

the hypothesis of a potential problem of poverty hysteresis.  
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Table 1. Estimates of the poverty dynamic model  

(Unemployment: aggregate unemployment rate) 
 

 OLS-POOL WG (Fixed Effects) GMM System GMM 

Regressors Estimates t Estimates t Estimates T Estimates t 

Lag of poverty 0.7389 23.19 0.4882 11.38 0.3773 6.32 0.5376 7.93 

Inflation -0.1953 -4.27 -0.1475 -3.36 -0.1510 -3.34 -0.2092 -2.76 

Unemployment 0.0212 5.39 0.0206 4.82 0.0261 5.80 0.0351 5.30 
 

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

R2 0.754 -- 0.751 -- -- -- -- -- 

Haussman test -- -- 100.17 0.00 -- -- -- -- 

m1 test -- -- -- -- -5.87 0.00 -3.41 0.00 

m2 test -- -- -- -- -1.32 0.19 -0.83 0.41 

Hansen test -- -- -- -- 16.47 0.63 16.24 0.70 

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 y and the endogenous regressors dated t-2 and 

earlier. For System GMM estimates, we use the lagged difference of y and all regressors dated t-1 as 

additional instruments. For the GMM and System GMM, we report their one-step estimations. R2 is the 

coefficient of determination. The null of the Haussman 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: 3; 

number of cross sections: 17; number of time periods: 22 (1987-2008). 
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Table 2. Estimates of the poverty dynamic model 
(Unemployment: unemployment of households’ heads) 

 
 OLS-POOL WG (Fixed Effects) GMM System GMM 

Regressors Estimates t Estimates t Estimates t Estimates t 

Lag of poverty 0.6521 20.13 0.4688 11.52 0.4137 7.49 0.5266 8.82 

Inflation -0.1273 -2.98 -0.0950 -2.33 -0.1076 -2.45 -0.1254 -1.65 

Unemployment 0.0520 8.76 0.0512 7.63 0.0544 7.86 0.0665 11.32 
 

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

R2 0.782 -- 0.779 -- -- -- -- -- 

Haussman test -- -- 148.37 0.00 -- -- -- -- 

m1 test -- -- -- -- -6.23 0.00 -3.46 0.00 

m2 test -- -- -- -- -1.14 0.26 -0.73 0.46 

Hansen test -- -- -- -- 16.42 0.63 16.14 0.71 

Note: see Note on Table 2. 

 
Table 3. Estimates of the poverty dynamic model 

(Unemployment: percentage of households where all active members are unemployed) 
 

 OLS-POOL WG (Fixed Effects) GMM System GMM 

Regressors Estimates t Estimates t Estimates t Estimates t 

Lag of poverty 0.7145 21.89 0.4526 10.61 0.3687 6.29 0.5776 8.95 

Inflation -0.1795 -4.01 -0.1389 -3.30 -0.1363 -3.10 -0.1936 -2.69 

Unemployment 0.0494 6.14 0.0562 6.48 0.0568 6.45 0.0713 7.36 
 

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

R2 0.760 -- 0.751 -- -- -- -- -- 

Haussman test -- -- 148.14 0.00 -- -- -- -- 

m1 test -- -- -- -- -5.92 0.00 -3.40 0.00 

m2 test -- -- -- -- -1.28 0.20 -0.75 0.45 

Hansen test -- -- -- -- 16.55 0.62 15.66 0.74 

Note: See Note in Table 1 
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FIGURE 1.  Poverty (Percentage of households without income by regions, 1987-2008) 
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