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1. 
Introduction

Nicaragua is one of the poorest countries in Latin America and the Caribbean, with around half of the population living in poverty. Poverty is predominantly a rural phenomenon, and the country has not been able to reduce its prevalence significantly in these areas during the last ten to fifteen years. This means that around two-thirds of rural households in Nicaragua still live in poverty. Poverty is by no means a static state even in Nicaragua, and households inevitably move in and out of poverty. A negative shock (such as drought) or a change in key household characteristics may thus alter a household’s chances of both escaping and entering poverty, even where households were originally heading towards prosperity. This paper looks at the determinants of poverty transitions in rural Nicaragua using panel data from 1998-2001 in order to improve the understanding of those factors that play a role in determining the poverty movements of rural households in Nicaragua.
The study is situated within the so-called second-generation approach to poverty measurements and dynamics. Here the focus is on three groups of people, namely the chronically poor, the transitory poor, and the never poor (Carter and Barrett, 2006). The main idea is that, at a given point in time, some people within society will be living beneath the poverty line. In course of time, some of them will escape poverty, while others will remain poor due, for example, to permanently low incomes. At the same time, some people living above the poverty line will slip down into poverty due to sickness, loss of employment and so forth. Using this approach, vulnerability thus refers to a household’s probability of ending up beneath a given threshold within a given time frame. Vulnerability is therefore a function of the risks, exposure and sensitivity to risks, and adaptive capacity of a household (Lovendal and Knowles, 2005). In that sense, the focus of this study will be to examine what factors affect the probability of either escaping or entering poverty, acknowledging that households are navigating in a system with multiple stressors that affect their welfare outcomes.
Given that there already exist numerous studies of poverty dynamics in practically all geographical settings, this study will add to this literature in two main ways. First, it will use a bivariate probit model to analyze movements back and forth across the poverty line. In contrast to most of the models traditionally used in poverty dynamics studies, this model is able to control for state dependence in the poverty status, meaning that it can control whether, for example, poor households are more likely to be poor in the future compared to initially non-poor households. Secondly, the study incorporates a wide range of negative shocks into the model, which to my knowledge has only been done in very few previous studies, if any. The inclusion of these variables makes it possible to analyse how various idiosyncratic and covariate shocks affect household consumption.
A bivariate probit model is also associated with some drawbacks compared to other models used in analysing consumption. The main drawback is that the model relies on binary categories in the dependent variables, making it necessary to collapse what is actually continuous consumption into only two categories. It is obvious that such a collapsing of data will imply a loss of information: for example, the practice of analysing welfare indicators in terms of a specific threshold has been disputed. But looking at poverty movements could very well make sense by assessing, for example, the impact of various shocks on poverty, such as drought, which would be likely to prolong a period of hardship or push people into one. It could also reduce problems of measurement errors associated with using a continuous self-reported welfare indicator such as consumption or income. But given the concern to look at a purely binary welfare indicator, this paper will address some of the concerns by checking the robustness of the results from using the poverty transition model using alternative poverty lines, as well as a model relying on the continuous consumption variable instead of the binary transformation.
The structure of the rest of the paper is as follows. Section II briefly describes the data used for the analysis. Section III describes the methodology, while Section IV describes and discusses the results of the model. Finally, Section V offers some conclusions.

II. 
Data

The paper is based on two Nicaraguan Living Standards Measurement Studies (LSMSs) carried out by the National Institute of Statistics (INEC) in 1998 and 2001. Both surveys are nationally representative and include more than 4,000 households each, about half in rural areas. The surveys include a panel section with information on a wide range of topics in relation to households’ well-being, including income, education, asset holdings, and consumption on both household and individual levels. The surveys also include detailed information about self-reported negative shocks, both household-specific shocks such as theft, and covariate types of shock such as pest attacks and drought. The panel covers around 3,000 households included in both surveys, again with around half of households located in rural areas.

An important issue when using panel data is attrition, meaning that the households interviewed in the first round disappear from the following surveys for various reasons. The Nicaraguan datasets have a fairly high attrition rate of around 25 per cent, but a thorough study by Davis and Stampini (2002) shows that household characteristics are only able to explain a modest part of the variability in the probability of attrition. They also show that attrition does not introduce a bias in the estimates by using the Heckman procedure for correcting selection bias among others. Overall, they conclude that attrition is not a problem in relation to the poor households in the panel. The only group of households that showed some signs of attrition bias was the group of urban non-poor households. All in all, the possible problems associated with attrition bias should therefore not pose any problems for the analysis undertaken in this study, as this focuses solely on the poverty movements of rural households.
III. 
Methodology

Many studies have analyzed the factors affecting the probability of either staying in or entering poverty from one period to another using a multinomial logit (MNL) model (see, for example, Glewwe et al., 1999; McCulloch and Baulch, 2000; Neilson et al., 2008). One of the reasons for the frequent use of this model is probably the ease of usage. However, using a MNL model to analyze transition could be associated with certain problems, as the model imposes the property of “independence of invariant alternatives” as a consequence of the implied assumption that there is “no correlation between the error terms” (Bokosi, 2007). The multinomial model is therefore not really suitable for analyzing transitions as it takes initial poverty status as exogenous, thus requiring that persistence in poverty is entirely due to observable explanatory variables. Correlation across time between unobservables will therefore create a sample selection bias due to the conditioning on the initial state (Stewart and Staffield, 1999). This problem would also be relevant if the transitions were analyzed using three separate logit models measuring each possible transition in and out of poverty, as such an approach also would take the initial poverty status of the households as exogenous. This problem is also called the “initial conditions problem” (Heckman, 1981).
One solution to this problem is to use a bivariate probit model that allows for the existence of possible correlated disturbances between two probit equations (Newman and Canagarajah, 2000). It therefore considers the factors associated with the initial poverty status, as well as those associated with any changes in the poverty status between periods 1 and 2. The interest would be to look at a household that is poor in period 1 and its associated probability of it being the same in period 2. Assume that the consumption level of a household is determined by the following:
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Where Yi,1 is the per capita household consumption for household i in period 1, Χi,1 is a vector of expenditure-determining factors, ε~ N(0,1), and f1 is the unspecified suitable monotonic transformation ensuring the standard normal distribution of the error term. The error term ε is the sum of individual-specific effects together with any white noise error. The probability of falling below a certain consumption threshold such as the poverty line would then be given by
[image: image2.wmf]2

,

2

2

,

2

,

2

)

(

i

i

i

Y

f

e

b

w

+

=

(2)

Where Pi,1 is a variable equal to one if the consumption level is below a certain threshold (in this case, the poverty line for period 1 PL1) and zero otherwise. Φ is the standard normal cumulative distribution function, resulting in a probit model for the probability of being poor in period 1.
If the consumption level in period 2 depends on the poverty status in period 1, the consumption level of household in period 2 can be determined by:
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Again the monotonic transformation f2 ensures the standard normal distribution of εi,2. Normally it would then be assumed that the two error terms would be independent of each other, meaning that cov(εi,1, εi,2)= 0. If, however, we assume that the distribution of the error terms is normal distributed, but that in fact they are related to each other with a correlation coefficient of ρ where ρ can take the value from -1 to 1, this will imply that the probability of being poor in period 2 conditional on being poor in period 1 is given by:
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Where Φ2 is the cumulative distribution function of the bivariate standard normal. Similarly the probability of being poor in period 2 conditional on being non-poor in period 1 is given by:
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It can be seen from (4) and (5) that if ρ is equal to zero, meaning that there is no dependence between the poverty statuses in the two periods, the probability of being poor in period 2 would then be determined by the factors from period 2 alone. If this is indeed the case, there would be no need to run the bivariate probit model. On the other hand, if ρ is different from zero this would indicate dependence between the two variables, and the “axes” of the two distributions would no longer be orthogonal to each other. As an example, consider a case where 0<ρ<1 when looking at poverty movements between two different periods, as in our case. The positive value of rho would imply that households that are expected to be poor initially would also be more likely to be poor in the following period compared to non-poor households (Cappellari and Jenkins, 2004).
IV.
Empirical results and discussion
Before analyzing the factors determining poverty movements in rural Nicaragua, it will be useful to present a more detailed overview of the poverty situation in the country. The poverty assessment based on the data from 1998 and 2001 finds that the national poverty rate fell marginally from 47.9 per cent in 1998 to 45.8 per cent in 2001.
 As mentioned previously, the surveys also show that poverty is mainly a rural phenomenon in Nicaragua, with around two thirds of the rural population being poor and around one fourth being extremely poor.
 For comparison, only 30 per cent of the urban population was found to be poor, while just above 5 per cent were extremely poor (World Bank, 2003).
Mainly two methods have been used when it comes to illustrating the poverty movements between two or more periods. The general idea is to decompose the poor households into the categories of transient and chronic poor. One approach, called the “spells” approach, looks at the number of periods in which a household has been poor and focuses on the probabilities of ending poverty or a non-poverty spell (e.g. Bigsten and Shimeles, 2008; Neilson et al., 2008). One way to illustrate this approach is to construct a poverty transition matrix as seen in Table 1, which shows the share of households conditional on their poverty status in 1998 as well as 2001. The evidence shows that around one fourth of all the poor households in 1998 were not poor in 2001. Likewise, one fourth of all non-poor households from 1998 ended up being poor in 2001.

Table 1. Poverty Transition Matrix for Rural Households in Nicaragua, 1998-2001
	
	
	2001

	
	
	Not poor
	Poor

	1998
	Not poor
	71.0%
	29.0%

	
	Poor
	25.5%
	74.5%


Proportion of households being chronic poor: 41.5%

Proportion of households being transient poor: 28.1%

Source: author’s calculations from Nicaragua LSMS panel data, 1998 & 2001.
As can also be seen from Table 1, 75 percent of the poor households are chronically poor, which means that 42 percent of all rural households remained poor from 1998 to 2001. Almost 30 percent of all rural households are considered to be transient poor, having experienced poverty in either 1998 or 2001.

Another way to decompose poor households into chronic and transient poverty is to use the “component” approach (Jalan and Ravallion, 1998; Jalan and Ravallion, 2000), which defines as chronic poor those households whose average level of consumption over time falls below the poverty line. Transient poor households are therefore those households that have an average consumption above the poverty line, but due to some unfortunate events they have been pushed below the poverty line for one or more periods. Decomposing poverty using this method for rural Nicaragua shows that almost 95 percent of poor households are considered to be chronic poor. Stampini and Davis (2003) also find this magnitude of chronic poverty in Nicaragua when looking at the poverty gap measure instead of the headcount ratio that has been used here.
 Both approaches seem to suggest that the nature of rural poverty in Nicaragua is mainly chronic, which again could suggest that there exists a certain degree of state dependence in the poverty transitions between 1998 and 2001.
As mentioned in the methodology section, a possible state dependence could be estimated using a bivariate probit model. Table 2 lists the explanatory variables included in the bivariate probit estimation.
Table 2. Description of Explanatory Variables Used in the Bivariate Probit Model.
	Variables (1998-based)
	Type
	Description

	
	
	

	Household Composition

	Hhsz
	Continuous
	Household size

	genderh
	Binary
	1 if female headed household

	Ageh
	Continuous
	Age of household head

	Single
	Binary
	1 if household head is a single parent

	Childratio
	Continuous
	Number of children in household divided by the total household size

	Household Education

	Noschool
	Binary
	1 if head of household did not attend school (omitted as the reference variable for education in regression)

	Primary
	Binary
	1 if head of household attended primary school

	Secondary
	Binary
	1 if head of household attended secondary school or higher

	Non-Agriculture Income Sources

	Nonagshare
	Continuous
	Share of adults engaged in non-agriculture employment

	Nmb_business
	Continuous
	Number of enterprises owned by household

	Assets and Wealth
	
	

	Pccattle
	Continuous
	Number of cattle per capita owned by household

	Pcland
	Continuous
	Size of land per capita (hectares) owned by household

	Wealthindex
	Continuous
	Wealth index based on durable assets owned by household

	Social and physical infrastructure

	Social
	Binary
	1 if household is member of community organisations

	Health
	Continuous
	Travel time to nearest health clinic

	Shocks

	Drought
	Binary
	1 if household experienced drought as main shock

	Pest
	Binary
	1 if household experienced pest attack as main shock

	Flood
	Binary
	1 if household experienced flood as main shock

	Rustling
	Binary
	1 if household experienced rustling

	Robbery
	Binary
	1 if household experienced robbery

	Regional Dummies

	Regional 
	Binary
	1 if household is living in certain geographical region


All the variables included in Table 2 are for the year 1998 in order to avoid any problems with endogeneity. Most of them are self-explanatory, but a few of them need some explanation. The variable covering the wealth index is created by means of the Principal Components Analysis method, which is frequently used to collapse the ownership of various durable household assets into one single index (Filmer and Pritchett, 2001). The idea is to capture any wealth level effects in the poverty transition without relying on consumption data. With the purpose of trying to control for the social capital of a given household, a binary variable “social” indicating whether households are members of various relevant community organisations such as savings and credit cooperatives is also included. The variable measuring the travel time to the nearest health clinic is thought to capture the state of infrastructure in the community of the household.
Various shock variables have also been included in the regression capturing both covariate and idiosyncratic shocks. All the variables are binaries indicating whether a household has experienced the various types of shock within the last twelve months. Using such variables as proxies for shock occurrences could impose several problems in relation to, for example, the subjectivity in the answers from different households. For example, one household within a community could report an occurrence of drought, while another household within the same community could perceive the situation differently and therefore choose not to report the occurrence. Such subjectivity is virtually impossible to eliminate, and it therefore has to be acknowledged that the inclusion of self-reported shock variables may lead to measurement errors due to reporting bias correlated with household characteristics or poverty status. Given these concerns, it could be argued that it would be more suitable to model shock occurrence using continuous variables such as changes in rainfall or the like (Dercon and Shapiro, 2007; Bigsten and Shimeles, 2008). Unfortunately, such data do not exist for Nicaragua, and in any case they would need to be very detailed, as differences in altitude within communities make a big difference when it comes to the effects of precipitation. Given the data available, therefore, relying on self-reported shocks was the only option. 
Table 3 shows the marginal effects of the bivariate probit model together with the correlation coefficient of the two error terms. The correlation coefficient is taking value 0.34 and is found to be statistically significant different from zero by the Wald test showing state dependence in the poverty transition between 1998 and 2001. The sign of the coefficient rho indicates that a household that is poor in 1998 does have a higher probability of being poor in 2001 compared to a non-poor household. This would again imply that the assumptions from a multinomial regression would not hold in this case.
Table 3. Marginal Effects from the Bivariate Probit Model (with Regional Fixed Effects)
	Household characteristics (1998-based)
	Probability of being poor in 2001 conditional upon being poor in 1998
	Probability of being poor in 2001 conditional upon being non-poor in 1998

	
	(1)
	(2)

	Household composition

	hhsz
	0.051***
	-0.010**

	
	(0.006)
	(0.005)

	genderh
	0.037
	-0.010

	
	(0.045)
	(0.032)

	ageh
	0.001
	0.000

	
	(0.001)
	(0.001)

	single
	-0.003
	0.012

	
	(0.044)
	(0.032)

	childratio_98
	0.375***
	0.091*

	
	(0.075)
	(0.052)

	Household education (No education as the reference variable)

	primary
	-0.016
	-0.001

	
	(0.030)
	(0.020)

	secondary
	-0.123**
	0.036

	
	(0.057)
	(0.040)

	Non-agriculture income sources

	nonagshare_98
	-0.222***
	-0.065*

	
	(0.052)
	(0.035)

	nmb_buisness
	-0.055*
	0.002

	
	(0.028)
	(0.019)

	Assets and wealth

	pccattle
	-0.082***
	-0.021*

	
	(0.017)
	(0.012)

	pcland
	-0.004*
	-0.000

	
	(0.002)
	(0.002)

	durindex
	-0.089***
	-0.016***

	
	(0.009)
	(0.005)

	Social and physical infrastructure

	social
	-0.038
	-0.019

	
	(0.053)
	(0.034)

	health
	-0.000
	-0.000

	
	(0.001)
	(0.001)

	Shocks

	drought_98
	0.052*
	0.067***

	
	(0.031)
	(0.021)

	pest_98
	0.180***
	0.103

	
	(0.051)
	(0.064)

	flood_98
	-0.077
	0.051

	
	(0.137)
	(0.115)

	rustling_98
	0.039
	0.018

	
	(0.189)
	(0.113)

	robbery_98
	-0.101
	-0.008

	
	(0.067)
	(0.042)

	
	
	

	Observations:
	1347
	

	Log likelihood:
	-1272.392
	

	Wald Chi2 (46):
	585.73
	

	Prob > Chi2:
	0.000
	

	Rho:
	0.344
	

	Wald test of rho=0:
	Chi(1)= 40.563    Prob> Chi2= 0.000


Standard errors in parentheses. *** Significant at 1%, ** Significant at 5%, * Significant at 10% 
Table 3 also shows the marginal effects of the various household characteristics that are included in the model. The first column shows the marginal effects of each factor on the joint probabilities of being poor in both 1998 and 2001 (column 1) and not being poor in 1998 and being poor in 2001.
Household demographics do seem to matter, as the size of the household is a significant variable in both joint probabilities. For households that were poor in 1998, a one unit increase in household size is associated with a 5 percent increase of the probability of being poor in 2001, all other things held equal. This means that a larger household is mostly associated with an increased consumption demand, thus limiting the chances of escaping poverty for already poor households. For the non-poor households in 1998, an increase in household size actually decreases the chance of entering poverty. This could be due to the benefits of having extra labour input, which outweighs the effects of having to feed an extra mouth.
Access to non-agriculture wage income also plays an important role in determining the probability of staying poor in both periods, as the share of household members engaged in non-agriculture wage labour negatively influences the probability of staying beneath the poverty line. The number of self-owned enterprises also has a significant effect on already poor households’ probability of being poor in 2001, as having a higher number of enterprises reduces the risk of poverty. Access to non-agriculture wage income improves the chances of non-poor households staying out of poverty (column 2).
The importance of asset ownership and overall wealth is spelled out in the next group of household characteristics, and the results show that asset ownership is an important factor when describing poverty movements in rural Nicaragua. All three asset variables included are significant when it comes to poor households, while only land ownership is insignificant for non-poor households. Households with larger cattle herds are less likely to be poor in 2001, no matter their poverty status in 1998. Land ownership and large durable asset holdings also limit the risk of poverty for rural households.

The final large group of household characteristics is the shock occurrences. The model shows that the occurrence of covariate shocks does seem to matter for rural households in Nicaragua. The occurrence of drought both limits the chances of escaping poverty for the already poor households and increases the probability of being poor for non-poor households by 7 percent. Pest attacks are also highly relevant for keeping households in poverty, as a pest attack increases the probability of being poor in 2001 for the already poor household by 18 percent. The covariate shocks included in the model happened before the 1998 survey, but they are still important in determining poverty status in 2001, suggesting a persistency effect of these types of shocks on household consumption. The persistence of covariate shocks, especially related to rainfall, has also been confirmed previously in models looking at changes in direct consumption (Dercon, 2004; Dercon et al., 2005; Little et al., 2006). The idiosyncratic shocks included in the model do not show the same importance, and the lack of significance could suggest that rural households are able to cope with idiosyncratic shocks. 
As a final remark on Table 3, it should be noted that a range of interaction as well as functional form terms were tested in the model, but none of them provided any real insights, and they were therefore not included in the final model.
The marginal effects presented in Table 3 are evaluated at the mean. It could thus be useful to look also at the effects of changes in some key variables once certain assumptions about household composition have been made. Table 4 shows the effects of changes in household characteristics for a specific baseline household. The baseline household is assumed to have the average value of any variable not mentioned in the baseline setting. The results are only presented if the given variable is significant in determining the probability of the specific poverty transition rate.
Table 4. Estimates of Poverty Persistence and Entry Rates Given Changes in Household Characteristics.
	
	Poverty persistence rate
	Poverty entry rate

	- Male household head age 40 with primary education. Household size of 4 with 2 children. Experienced a drought and owns 4 units of cattle.
	28.2%
	20.1%

	- as baseline except one more child
	37.7%
	17.2%

	- as baseline except household head having secondary education
	17.9%
	-

	- as baseline except only owning 2 units of cattle
	32.1%
	20.3%

	- as baseline expect not having experienced drought
	25.1%
	13.5%


It can be seen that the poverty persistence rate is much more sensitive to changes in household characteristics than the poverty entry rate. Overall, the model is able predict the actual poverty persistence and entry rates pretty well. The general model estimates the poverty persistence rate to be 46 percent of all households, and the data show a rate of 42 percent. Likewise, the average poverty entry rate is estimated to be 15 percent, while the actual poverty entry rate was 11 percent, showing a reasonably good fit for the overall model.
Changes in household characteristics between 1998 and 2001 would also be important influences of changes in poverty status, but most of these are likely to be endogenous and are therefore not included (Lawson et al, 2006). One could also argue that the model would benefit from having some proxies for relevant shocks between 1998 and 2001, as, for example, in Dercon et al. (2005). First and foremost, it would probably be most relevant to include information capturing the occurrence of hurricane Mitch in late 1998, as this had severe consequences for Nicaragua. The hurricane struck the Central American region, affecting several countries in November 1998 and causing severe damage in terms of both human losses and physical damage. The death toll was estimated at around 10,000 people, with at least 2,000 deaths in Nicaragua. The government of Nicaragua estimated that about 20 per cent of the population, or approximately 45,000 households, were affected in some way by the hurricane (World Bank, 2002). Despite this adverse impact, using the same data as this study, Premand (2008) shows that the hurricane did not have any significant effect on household consumption for the affected households in either the short or medium term. The inclusion of a variable capturing whether a household was affected by the shock did not prove to be significant in our model, confirming that the medium-term effect of Mitch on household consumption was minimal, if any. The Mitch variable was therefore omitted in the final version of the model.
With regard to the other covariate shocks included in the model, the data did not allow for shock occurrences between 1998 and 2001 to be controlled for using, for example, rainfall data. Instead an attempt was made to create proxies for shock exposure in this period using variables from 1998. The variables were created as interaction variables between, for example, the occurrence of drought in 1998 and access to irrigation, pest attacks in 1998 and pesticides, and so on. The idea was that, if a household, for example, had reported a drought in 1998 and at the same time did not have access to irrigation, that household would probably be at high risk of experiencing another drought in the future. These proxies did not prove to be significant and were therefore left out. 

As mentioned earlier, one common criticism of focusing primarily on movements around a given threshold is that a lot of information is lost due to the transition of continuous variables such as consumption data into a “simple” poverty dummy variable (Deaton, 1997). It could therefore be argued that the effects that are picked up in a regression focusing on movements around a fixed level of consumption could be somewhat artificial in nature, as the results could be specific to this level only. One way to test robustness would be to change the poverty line and check if the results are still valid. Table 5 and Table 6 show what happens when the poverty lines in 1998 and 2001 are changed by 10 and 20 percent in either direction. The results in Table 5 show the robustness of the results with regard to poverty persistence. Almost all the significant variables from the original regression are still significant, no matter what level of poverty line, and the signs do not change either. Thus, the results in relation to poverty persistence are quite robust towards changes in the poverty line. 
Table 5. Factor Relevant for Determining Poverty Persistence at Various Poverty Lines.1
	Household characteristics (1998-based)
	Poverty lines at 20 percent lower level
	Poverty lines at 10 percent lower level
	Poverty lines at 10 percent higher lever
	Poverty lines at 20 percent higher lever

	 
	
	
	
	 

	Household composition

	Hhsz
	+***
	+***
	+***
	+***

	Genderh
	+
	+
	+
	+

	Ageh
	+
	+
	+
	-

	Single
	-
	+
	-
	-

	childratio_98
	+***
	+***
	+***
	+***

	Household education (No education as the reference variable)

	primary
	-
	-
	-
	-

	secondary
	-***
	-***
	-**
	-***

	Non-agriculture income sources

	nonagshare_98
	-***
	-***
	-***
	-***

	nmb_buisness
	-**
	-**
	-*
	-**

	Assets and wealth

	pccattle
	-***
	-***
	-***
	-***

	pcland
	-
	-
	-
	-**

	durindex
	-***
	-***
	-***
	-***

	Social and physical infrastructure

	social
	-
	-
	-
	-

	health
	+
	-
	+
	+

	Shocks

	drought_98
	+*
	+
	+
	+

	pest_98
	+**
	+***
	+***
	+

	flood_98
	-
	-**
	-
	-**

	rustling_98
	+
	+
	+
	-

	robbery_98
	-
	-
	-
	-


(1): Symbols indicating signs of the coefficients.

*** Significant at 1%, ** Significant at 5%, * Significant at 10%
Table 6 goes through the same procedure for the factors determining poverty entry. It is obvious that the results in relation to poverty entry are not as robust as they are for the estimate of poverty persistence. For example, the significant variables from the original regression concerning asset holdings lose their significance if the poverty line is pushed upwards. On the other hand, the significant variables in relation to household composition seem to be robust only to an increasing poverty line. The only variable that retains its significance no matter what the size of the poverty line is that which captures the occurrence of drought. The results therefore suggest that drought significantly pushes household consumption downwards, thereby naturally increasing the probability of becoming poor. Finally, the occurrence of pest attacks also becomes relevant as the level of the poverty line increases.
Table 6. Factor Relevant for Determining Poverty Entry at Various Poverty Lines.1

	Household characteristics (1998-based)
	Poverty lines at 20 percent lower level
	Poverty lines at 10 percent lower level
	Poverty lines at 10 percent higher level
	Poverty lines at 20 percent higher level

	 
	
	
	
	 

	Household composition

	Hhsz
	-
	-
	-***
	-***

	genderh
	-
	-
	+
	+

	ageh
	-
	+
	+
	-

	single
	+
	+
	+
	-

	childratio_98
	+
	+
	+**
	+

	Household education (No education as the reference variable)

	primary
	-
	+
	-
	-

	secondary
	-
	-
	+
	+

	Non-agriculture income sources

	nonagshare_98
	-**
	-
	-
	-

	nmb_buisness
	-
	-
	-
	-

	Assets and wealth

	pccattle
	-***
	-**
	-
	+**

	pcland
	+
	+
	-
	-

	durindex
	-***
	-***
	-*
	-

	Social and physical infrastructure

	social
	-
	-
	+
	-

	health
	+
	-
	+
	-

	Shocks

	Drought_98
	+***
	+***
	+***
	+***

	pest_98
	+
	+
	+*
	+**

	flood_98
	+
	-
	+
	+

	Rustling_98
	-
	+
	-
	-*

	Robbery_98
	-
	-
	+
	-


(1): Symbols indicating signs of the coefficients.

*** Significant at 1%, ** Significant at 5%, * Significant at 10%

A final way to check the robustness of the results would be to test whether the household characteristics would be able to capture any change in consumption, no matter where a household lies on the welfare scale. A typical way of modelling continuous changes in, for example, consumption is to have the change in logarithm of the consumption level over the period regressed on the initial consumption level together with other explanatory variables (similar to a typical growth regression equation). As can be seen in Table 7, the results again confirm the signs and significance of most of the relevant variables from the bivariate model, including variables on household composition, education, asset holdings and shock occurrences. The growth model also has a good fit measured by its R-squared value. The initial consumption level is also significant, showing that the growth rates in consumption are higher for households that were poorer to start with.
Table 7. Factors Affecting Continuous Changes in Household Consumption (with Regional Fixed Effects)
	Household composition

	hhsz
	0.011*

	
	(0.006)

	genderh
	-0.018

	
	(0.055)

	ageh
	0.001

	
	(0.001)

	single
	0.070

	
	(0.053)

	childratio_98
	-0.120

	
	(0.084)

	Household education (No education as the reference variable)

	primary
	0.056*

	
	(0.032)

	secondary
	0.084

	
	(0.054)

	Non-agriculture income sources

	nonagshare_98
	0.117**

	
	(0.057)

	nmb_buisness
	0.018

	
	(0.031)

	Assets and wealth

	pccattle
	0.025**

	
	(0.010)

	pcland
	0.002

	
	(0.003)

	durindex
	0.041***

	
	(0.007)

	Social and physical infrastructure

	social
	0.025

	
	(0.060)

	health
	-0.001

	
	(0.001)

	Shocks

	Drought_98
	-0.106***

	
	(0.037)

	pest_98
	-0.201***

	
	(0.067)

	flood_98
	-0.131

	
	(0.132)

	rustling_98
	-0.017

	
	(0.185)

	robbery_98
	0.119*

	
	(0.071)

	Initial consumption level

	consumo_98
	-0.001***

	
	(0.000)

	Constant
	0.295***

	
	(0.101)

	
	

	Observations
	1347

	R-squared
	0.231


Standard errors in parentheses. *** Significant at 1%, ** Significant at 5%, * Significant at 10% 

V. 
Concluding remarks.

The findings in this paper have shown that there is a positive correlation between the error terms when estimating a two-period probit model looking at household poverty status in rural Nicaragua. This implies that there exists a state dependence of the probability of being poor, meaning that past poverty experience does matter in determining the present poverty status of a given household. The positive correlation between the error terms indicates that initially poor households are more likely to be poor in the future compared to non-poor households. Ignoring the endogenous selection of conditioning would lead to sample selection bias and thereby distort the estimated coefficients. This study therefore confirms that models that do not take the initial poverty states as exogenous would be preferred in the analysis of poverty dynamics in rural Nicaragua.
When this endogenous selection was taken into account, the empirical results showed that household composition, access to non-agricultural wage incomes and ownership of assets play important roles when determining movement in and out of poverty in rural Nicaragua. Moreover, it could be seen that households are able to smooth their consumption when facing an idiosyncratic shock such as being robbed or having livestock stolen. On the other hand, covariate shocks do seem to have more significant adverse effects. This could indicate that, for example, risk-pooling mechanisms within rural communities function well in rural Nicaragua, enabling households to cope with household-specific shocks, but also that these systems cannot handle community-level shocks such as droughts and pest attacks.
Finally, it should be mentioned that the paper has focused on movements in consumption and thus on poverty as a whole and has not tried to decompose consumption into, for example, a stochastic and a structural part. This means that we cannot say whether a household’s movement out of poverty is caused by structural transition (for example, a permanent increase in the productivity of assets) or a transitory windfall. So-called fourth-generation poverty measures looking at the structural income of households that are trying to eliminate any stochastic distortion has been tried in some studies (see Carter and May, 2001; Barrett et al., 2006). The model used in this study is only able to control for the persistence of the stochastic part. It is therefore obvious that the model could be improved by looking more explicitly at the structural part of household consumption and should be considered for future research. For now we can argue that the model is able to capture the persistence in the error term capturing the effects on individual households together with any white noise. It would, of course, be optimal to include the structural term also in this persistence, but the study shows that controlling for persistence in error term alone can be very important, as the persistence effect may potentially be quite large in studies of poverty dynamics.
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� Actually the absolute number of people living in poverty increased over the period 1998 to 2001 from 2.3 million people to 2.4 million.


� The extreme poverty line was set at the annual cost of buying a bundle of food that provides 2,187 Kcal/day. The poverty line also includes a non-food consumption set at 41.1 per cent (World Bank, 2003).


� The proportion of chronic poor households will decline as the poverty measure becomes more sensitive to the depth of poverty using the “components” approach. This is because a household that is very poor in one period but not poor in the next will have higher weighting in the calculation.
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