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Abstract 

We present an exercise to account for changes in an indicator into components of a welfare 

aggregate. The decomposition presented in this paper focus on the distribution of the welfare 

variable rather than a decomposable indicator. Thus, it is a statistical exercise in which we 

assume that we can in fact modify one factor at a time and keep everything else constant. This 

paper contributes to the existing literature by applying the concept of a Shapley decomposition to 

deal with the path dependence that arises from changing one element at a time. Although, the 

interpretation changes, the proposed decomposition is applicable to both the case of panel data as 

well as repeated cross section and allows accounting the contribution of each component to 

change in any given indicator. 
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1 Introduction 

 

In the last two decades, the economic literature related to poverty and inequality 

measures has dedicated efforts in techniques to decompose those measures into certain factors. 

Such decompositions have been useful by assigning contribution to a specific factor. The 

straightest are those in which the measure can be decomposable by itself, such as, the FGT 

poverty indices that can be partitioned by subgroup of the population. Similar property is 

observed for some inequality measures, such Theil index and allows the decomposition by 

between and within group effect. However, since these decompositions rely on desirable 

proprieties of the indicator, they may faces problem such as those listed by Shorrocks (2012). 

First, related to the interpretation of a factor, it is not always true that a factor will have a 

meaningful and intuitive interpretation. Secondly, some indicators cannot be decomposable in a 

way that the effect of the factors sums up the total indicator value; the Gini coefficient subgroup 

decomposition is an example. Another point is the amount and mix of factors that 

decompositions allow, in the most part of them, the number of factors has to be constrained. 

Focusing the distribution of income rather than decomposable propriety of an indicator, 

Datt and Ravallion (1992) proposed to decompose changes in poverty into the two main 

mechanisms to reduce it: growth and redistribution. Later on, Kolenikov and Shorrocks (2003) 

observed the same decomposition, but added a third component to capture the effect of prices on 

change in poverty and proposed a new methodology based on Shapley1  value.  

The concept of the Shapley decomposition can be describe as the “marginal effect on [the 

indicator] of eliminating each of the contributory factors in sequence, and then assigns to each 

factor the average of its marginal contributions in all possible elimination sequences. This 

procedure yields an exact additive decomposition of [the indicator] into [the number of] 

contributions” (Shorrocks, 2012 p.3). This paper utilized Shapley technique to decompose the 

change in a given indicator over two periods of time by components of the welfare aggregate.  

The knowledge of which source of income has been important to decrease poverty and/or 

inequality seen to be relevant. For instance, a government may be interested in assessing how 

much of the observed reduction in poverty was due to the implementation of a cash conditional 

                                                           
1 See Shorrocks (1999, 2012), Sastre and Trannoy (2001) for more details about the Shapley technique in 

decomposition of poverty and inequality indicators. 



3 

 

transfer (CCT program) or how much labor income contributes to decrease inequality. The 

decomposition follows on the exercise proposed by Paes de Barros et alii (2006) and takes 

advantage of the additive property of the welfare aggregate to construct counterfactual  

unconditional distributions of the welfare aggregate by changing each component at a time to 

calculate their contributions to the observed changes in poverty or/and inequality index. The 

Shapley concept is used in order to deal with the path dependence2 that arises from the stepped 

decomposition. Additionally, it relies, in the absence of panel data, on the rank correlation of the 

welfare aggregate observed in each period in order to transpose the distributions from one period 

to other.  

In the literature, different approaches are utilized in order to decompose an indicator into 

components of income. However, the most part of decompositions rely on decomposable 

propriety of the indicator and then, become dependable of hypothesis. In the context of 

inequality measure3, for instance, Shorrocks (1982) showed that the amount of constraints may 

lead to a restrict decomposition framework when using more sophisticated index as Gini. 

A positive point of the decomposition is that it can be applied using any welfare measure 

as well as any indicator which is calculated based on the welfare aggregate. Besides that, it 

clearly provides the contribution of each component to the observed change in the indicator.   

Next section presents the Shapley decomposition. Then, a more detailed description of 

the approach used to transpose the distribution is provided and possible problems about the data 

are discussed in the same section. Section 4 presents applications of the decomposition and 

external validation when repeated cross section data is used in the decomposition. Finally, 

section 5 concludes. 

 

2 Shapley Decomposition 

 

Let Y be a welfare aggregate given by a function f:Cn→R  that maps components c1,…, cn 

to Y 𝑌 = 𝑓(𝑐1, 𝑐2, … , 𝑐𝑛)                                                           (1) 

                                                           
2 See Essama-Nssah (2012), Fortin et al (2011) and Ferreira (2010) for recent reviews of the literature. 
3 See Shorrocks (1982), Fournier (2001), Paul (2004) and Mussini (2013). 
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Let I be an indicator that can be calculated using Y 𝐼 = 𝐼(𝑌) =  𝐼(𝑓(𝑐1, 𝑐2, … , 𝑐𝑛), . )                                               (2) 

We are interested in decomposing the change in I over two periods of time4, t=0,1, into n 

contributions, σi, attributed to each of the n components, such that 

𝜎𝑖 =  𝐼(𝑓(𝑐𝑖𝑡=1, . )) −   𝐼(𝑓(𝑐𝑖𝑡=0, . ))     ∀ 𝑖 = 1, … , 𝑁                              (3) 

 However, if we merely take the first marginal change in I when switching the distribution 

of the component ci from t=0 to t=1 and then computing the difference on the indicator, there is 

no guarantee that, at the end, the sum of all n contributions is going to return the total change in I 

from period 0 to period 1. 

The Shapley decomposition deals with the problem by calculating all n! possible ways of 

decomposing I by eliminating each component at once and then taking the average of the 

contributions of the component. Shapley (1953) presented this concept in the context of Game 

Theory. He establishes that the relationship between the sequential elimination of players and 

their final contribution is given by a weighted average.  

Figure 1 shows the structure of a decomposition of n components. Note that the 

components are changed sequentially and there will be n! different paths to go from I0 to I1. 

In our case, the goal is to separate the change in an indicator into n factors attributed to 

each components individually, thus the final contribution of the component ci , when the Shapley 

decomposition is used, is going to be determined by the following weighted average. 

 𝜎𝑖 = ∑ ∑ 𝑠!(𝑛−𝑠−1)!𝑛! [𝐼 (𝑓(𝑐𝑖𝑡=1, 𝐶𝑛−1,𝑠+1 − {𝑐𝑖})) − 𝐼 (𝑓(𝑐𝑖𝑡=0, 𝐶𝑛−1,𝑠 − {𝑐𝑖}))]𝐶𝑛−1𝑠=0            (4) 

 

in which s indicates how many components have been already changed from period 0 to period 

1. C denote all the combinations of the others n-1 components that have already change from t=0 

to t=1. The Equation (4) establishes the relationship between the structure presented in Figure 1 

and the final contribution of the component ci after calculating all the paths from I0 to I1. 

                                                           
4 We will denote it here as period in order to make the understating easier, but it is also possible to make the 

decomposition comparing between two states. For instance, to compare the difference in the poverty headcount 

between municipality A and municipality B. 
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Figure 1 – Shapley Decomposition of n components. 

 

Suppose a decomposition of three components: c1, c2 and c3. The Figure 2 shows the 3! 

ways to decomposition the change in a indicator based on the welfare measure, Y=f(c1,c2,c3). 

Using the notation presented before, the contribution of the component c1, for instance, is given 

by the following weighted average 

 𝜎1 = ∑ ∑ 𝑠!(3−𝑠−1)!3! [𝐼 (𝑓(𝑐1𝑡=1, 𝐶2,𝑠+1 − {𝑐1})) − 𝐼 (𝑓(𝑐1𝑡=0, 𝐶2,𝑠 − {𝑐1}))]𝐶2𝑠=0                (5) 

 

                𝜎1 = 26 [𝐼(𝑓(𝑐11, 𝑐20, 𝑐30))– 𝐼(𝑓(𝑐10, 𝑐20, 𝑐30))]          
                      + 16 [𝐼(𝑓(𝑐11, 𝑐21, 𝑐30))– 𝐼(𝑓(𝑐10, 𝑐21, 𝑐30))] + 16 [𝐼(𝑓(𝑐11, 𝑐20, 𝑐31))– 𝐼(𝑓(𝑐10, 𝑐20, 𝑐31))] 
                      + 26 [𝐼(𝑓(𝑐11, 𝑐21, 𝑐31))– 𝐼(𝑓(𝑐10, 𝑐21, 𝑐31))]                                                                   (6) 

  

⋯ 𝐼(𝑓(𝑐11, 𝑐20, 𝑐30, … , 𝑐𝑛1)) 

𝐼(𝑓(𝑐10, 𝑐21, 𝑐30, … , 𝑐𝑛0)) 

⋮ ⋮ 
⋮ 

⋯ 𝐼(𝑓(𝑐10, 𝑐20, 𝑐30, … , 𝑐𝑛1)) 

𝐼(𝑓(𝑐11, 𝑐21, 𝑐30, … , 𝑐𝑛0)) 

𝐼(𝑓(𝑐11, 𝑐20, 𝑐30, … , 𝑐𝑛0)) 

𝐼(𝑓(𝑐10, 𝑐20, 𝑐30, … , 𝑐𝑛0)) 

𝐼(𝑓(𝑐11, 𝑐21, 𝑐31, … , 𝑐𝑛1)) 



6 

 

Figure 2 – Shapley Decomposition of 3 components. 

 

A disadvantage of the Shapley decomposition is that the principle of independence of 

aggregation may not be satisfied. It means that the results may be different depending on the 

level of disaggregation of a component. For example, the contribution of transfer income 

probably is not going to be equal to the sum of the contribution in a decomposition that has 

transfer split between public and private as separately components.  

 

3 The Decomposition 

 

As a description of the method suggested here, consider that the distribution of an 

observable welfare aggregate (i.e. income or consumption) for period 0 and period 1 is known 

and that we can calculate this welfare variable using an equation based on other variables called 

components. As illustrated in Figure 1, the decomposition consists in constructing counterfactual 

distributions by substituting the observed distribution of components of the welfare aggregate in 

period 1, one at a time, until a completed change from period 0 to period 1. For each 

counterfactual distribution, we can compute the poverty or inequality measures, and interpret 

those counterfactuals as the poverty or inequality level that would have prevailed in the absence 

of a change in that component. Nevertheless, since the counterfactuals generated are not result of 

an economic equilibrium, we need to keep in mind that the method suggested here is more an 

accounting exercise rather than a behavioral economic model. 
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For instance, substitute the distribution of labor earnings in period 0 by the earnings from 

period 1 and keep all the other sources of income constant in period 0. Thus, we can compute 

how poverty would be if the labor income in period 0 was equal to labor income in period 1. The 

difference in poverty, when use earnings in period 0 and transfer in period 1, would be a 

contribution of the income from labor to reduce/increase poverty.  

Figure 3 illustrates the example describe above for labor income using data from 

Paraguay in 1999 and 2009. As we can see, a counterfactual distribution of the per capita income 

in 1999 is computed using the labor income observed in 2009. The effect on poverty attributed to 

labor would be the difference between the area below green curve and limited by the poverty line 

in Fig 3 A.2 and the area below blue curve and limited by the gray line in Fig 3 A.1. 

 

 
Figure 3 – Counterfactual distribution of income after changing labor income. 
 

The change of the distribution of one element of the welfare aggregate from period to the 

other is a marginal change in the distribution of the welfare variable. Thus, in terms of 
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application, the transposition of distribution of the components between the two periods holds an 

important aspect. The main concern is how the values are assigned to the unit of observations. In 

the case of Datt-Ravallion decomposition, for instance, there is not such issue, since the entire 

distribution of the welfare aggregate is switched. Here, we substitute only one component of the 

welfare aggregate and then, the distribution of the welfare aggregate need to be reconstructed 

using the new distribution of that component, therefore the value assigned to the unit of 

observations matters. 

The use the anonymous and non-anonymous data has been discussed and analyzed due to 

possible disparities on the results when one type of data is used in contrast to the other. This 

discussion has taking place especially in the context of Growth Incidence Curve (GIC) (See 

Bourguignon, 2011 and Jenkins and van Kern, 2006) in which the percentile of the per capita 

income is used in anonymous context in order to compare this variable in two periods. 

Bourguignon (2011) shows that the way the units of analysis are tracking can drive to different 

results. According to him, the use of the rank of the income to compare the individuals ignores 

income mobility, once that the comparison occurs between individuals that are in the same 

position in each period. Below, we discuss the use of panel data and repeated cross section in the 

context of the decomposition proposed here. 

In the case of panel data, in which the value of the welfare and components variables is 

observed in both periods for each unit of observation, there is no concern and the matching 

should use the observed value that the individual has in each period. Note that even when 

balanced panel data is available, the problem of path dependence remains and the decomposition 

using the Shapley procedure is still very useful to solve this issue. 

 However, in most countries panel data are not available or are still relatively short. 

Therefore, we need to make an assumption about the welfare aggregate through the time. Here, 

we propose to use the concept of rank correlation, in which the rank of variables is observed 

rather than the statistic correlation among them. This concept was utilized by Fournier (2001) 

who suggests decomposing inequality into sources of income and their rank correlation. This 

approach is convenient because it does not rely on any parametrical assumptions. In our case, we 

propose to match the unit of analysis based on their observed rank of the welfare aggregate in 

each period. In this case, the relationship between the component and welfare aggregate 

observed in each period is kept. In fact, it is the situation of distributional dynamics without 
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exchange mobility in which each individual keeps his rank across the periods, from poorest to 

richest (Yalonetzky, 2012). The figure below gives a better idea about the matching based on the 

rank of the individuals according a welfare variable. The individuals are sorted by income in 

each period. When panel data is available we can track the individuals through the time. 

Otherwise, the matching is performed by the observed distribution of income in each period.   

 

 

Note: This figure is based on the illustration of Yalonetzky, 2012 Fig 1. 

Figure 4 – Individual trajectories in case of panel data and in case of matching using welfare 
rank. 

 

It is important to highlight that using the rank of the welfare measure to transpose the 

distribution of the components, we are not tracking individuals, but the entire observed 

distribution of the welfare aggregate and its components. Thus, we are interested in knowing to 

what extension changes in the mean and the distribution of each component of the welfare 

aggregate between the period 0 and period 1, using the observed structure of correlation of the 
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components in relation to the welfare aggregate in each period, affect the variation observed in 

indicators of poverty and/or inequality.                                                                                                                             

 In terms of practical data issue, two main problems arise when we need to transpose the 

components distribution between the periods, especially because a value has to be assigned for 

each unit of observation, i.e., individuals or household. The first concerning refers to the size of 

the database; very often there is not the same number of observations in the dataset of each 

period. Secondly, in most part of surveys are sample design, in which a expansion factor is 

attributed to each individual. 

 To deal with the first problem, we suggest a rescale technique. It literally rescales the 

number of observation in one year in order to have the same range as the other year. Suppose 

that the rank of the welfare aggregate Y is equal 1,…,N0 in the initial period and equal to 1,…,N1 

for t=1. Usually N0≠N1, then a matching based on the rescale rank of Y is made in order to switch 

the distribution between the periods.  Equation (6) provides the rescale formula for period 0.   

 𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑 𝑟𝑎𝑛𝑘 𝑌𝑡=0 = 𝑟𝑜𝑢𝑛𝑑 (𝑁1𝑁0 ∗ 𝑟𝑎𝑛𝑘 𝑌𝑡=0)                                         (6) 

 

The rescale method is going to be a matching with repetition for period 0 (period 1) and 

some observations is not going to be used for period 1 (period 0) when N0>N1 (N1>N0). 

Therefore, after the matching we suggest to recover the original mean by multiplying the whole 

distribution by the original mean and diving by the mean generated after the matching. Thus, we 

get a very close distribution and preserve the mean. 

Another possibility frequently utilized is to divide the distribution of Y in m percentiles in 

both periods and then using the mean of the components variables in each bin. The problem with 

this technique is that indicators sensible to the tail of the distribution, such as Gini, would not be 

measured correctly, when the number of percentile is not close to the total number of 

observation. Indeed, the percentile option is similar to rescale, when m goes to min(N0,N1). 

As an external validation exercise, the Kolmogorov-Smirnov test about equality of 

distributions was implemented using database from several countries in Latin America to circa 

2000. The rescale and the 200 percentiles methods were compared. With exception of labor 

income in Argentina, for all the others sources of income (pensions, transfers and others) and 

countries, the rescale matching methodology performs very well in a way that the test rejects 
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difference in the distribution at the significance level of five percent. The same is not true for the 

percentile method using 200 percentiles, for practically all sources of income the test points out 

difference in the distributions. 

The second data issue cited at the beginning of this section regards the sample weight is 

probably softened when the decomposition is made in both direction, using t=0 as initial period 

and then t=1 as initial point. In this case, counterfactuals using weights from either period are 

accounted. 

Both limitations cited before are smoothed when the survey has similar design on the two 

periods analyzed.  

 

4 Application and Validation 

 

Suppose we are interested in knowing the main contributors to reduce poverty in Latin 

American and Caribbean (LAC) countries in the last decade. Or by how much have males and 

females contributed to the observed reduction in inequality. Or even, why poverty rates between 

states X and Z are different. The decomposition proposed here allows answering these questions 

by accounting change in a given indicator into components of a welfare variable. Below, some 

simple applications5 are demonstrated as well as some external validation of the decomposition 

when repeated cross section data is used.   

 

Poverty and Inequality Indicators 

 

In order to decompose the contribution of each factor to poverty reduction, we need some 

structure that would allow us to measure the contribution of each factor to the total change in 

poverty. We begin modeling household per capita income as: 

𝑌𝑝𝑐 =  𝑌ℎ𝑛 = 𝑛𝐴𝑛  ( 1𝑛𝐴 ∑ 𝑦𝑖𝐿𝑛𝑖∈𝐴 + 1𝑛𝐴 ∑ 𝑦𝑖𝑁𝐿𝑛𝑖∈𝐴 )                                             (7) 

in which, Y denotes income, and n number of members in the household. A represent adult, L 

labor and NL non labor.  

                                                           
5 To others applications of the decomposition, see Azevedo, Inchauste and Sanfelice (2012) and World Bank (2012) 

“The effect of women’s economic power in Latin America and the Caribbean” Washington, D.C.: LCSPP Poverty and 

Labor Brief, No. 4. 
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Thus, income per capita is the sum of each individual’s income and will depend on the 

number of household members. If in addition we recognize that only individuals adults 

contribute to family income, income per capita will in fact depend on the number of adults in the 

family, 𝑛𝐴. Income per adult, in turn, depends on labor income, 𝑦𝑖𝐿, and non-labor income, 𝑦𝑖𝐿, 

where non labor income includes public social transfers, pensions, remittances and other private 

transfers.  

 Figure 5 shows the results for poverty headcount in LAC countries and region. In general, 

labor income accounts for the most part of the reduction in poverty. For LAC region, it is around 

47 percent. In fact, the countries that show greater reduction in poverty are those whose labor 

income had high participation. The demographic factor is reflected in the contribution of the 

percentage of adults in the household. The growth in the number of adults helped with 23 percent 

of the decrease of poverty for LAC region. Non labor income that includes transfers, pensions 

(contributory and non contributory) and rent income contributed with 30 percent. 

 Considering inequality measures through the Gini coefficient, the percentage of adults is 

not as important as it is to poverty reduction, the number of adult in the household accounts for 

only 15 percent of the reduction in inequality in LAC region. Labor income continues to be the 

main contributor with participation of 45 percent. Interestingly, non labor income was a 

fundamental factor to decrease inequality in LAC from 2000 to 2010, contributing with 40 

percent.  
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Source: Estimates based on data from SEDLAC (CEDLAS and the World Bank). 

Figure 5 – Contribution of percentage of adults, labor and non-labor income in percentage points 
to reduce moderate poverty ($4USD a day) in Latin American countries, circa 2000 to 2010. 

 

 

Source: Estimates based on data from SEDLAC (CEDLAS and the World Bank). 

Figure 6 – Contribution of percentage of adults, labor and non-labor income in percentage points 
to reduce Gini in Latin American countries, circa 2000 to 2010. 
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Growth Incidence Curve 

 

As poverty and inequality index, we can also use the change in mean income by 

percentile of the income per capita as an indicator in order to analysis change in the entire 

distribution of the welfare aggregate. It means to decompose the GIC into components of the 

income per capita. 

  

 

Source: Estimates based on data from SEDLAC (CEDLAS and the World Bank). 

Figure 7 – Contribution of percentage of adults, labor and non-labor income in the GIC Latin 
American region, circa 2000 to 2010. 

 

The Figure 7 shows the results using the disaggregation in the equation (7) for LAC 

region. We can see that the percentage of adults presents a slightly decrease through the 

percentiles, while labor income and non-labor income are extreme regressive. These results are 

consistent with contribution of the components for the poverty and inequality index reported 

before. Labor income is the greater contributor to the increase in the income per capita on the 

bins around the poverty line of $4USD a day, while the non-labor income is the greater 

contributor to raise income on the poorest percentile. 
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External Validation 

 

Below we report decompositions of poverty headcount, poverty severity and inequality 

by sources of income using the panel data from Encuesta Nacional de Hogares (ENAHO) from 

Peru in 2009 and 2010, Encuesta Nacional sobre Niveles de Vida de los Hogares (ENNVIH) 

from Mexico in 2002 and 2005 and data from Chilean survey, Encuesta de Caracterización 

Socioeconómica Nacional (CASEN) in 1996 and 2001. The goal is to analysis the result when 

panel data is used and when the dataset is treated as repeated cross section, i.e. the 

decomposition is made using non-anonymous and anonymous data. 

First, we assess the approach based on the rank of the welfare aggregate to match the 

individuals in case of repeated cross section data, i.e., knowing that the individuals in the sample 

are the same, how would be the findings in case of matching the individuals using the rank of the 

welfare variable. This analysis is made using data from ENAHO and ENNVIH. As the Figure 8 

and 9 show, the results are qualitative consistent through the procedure adopted to transpose the 

distribution between the years, especially for poverty headcount. For more sensible measure as 

FGT(2) and Gini index, the two approaches present shares with different magnitude, but it does 

not modify substantially the interpretations.   

In the decomposition presented in Figure 10 using panel data from Chile and a range of 

five years, we are interested in knowing whether repeated cross section data provides similar 

picture as panel data. Thus, we randomly divided the individuals in two groups, A and B. The 

non-anonymous decomposition was made using individuals in group A, while for the anonymous 

decomposition we used individuals in group A in period 0 and individuals in group B in period 1. 

Thereby, when the panel data is used as repeated cross section, we ensure that the dataset has 

different individuals in each year. Indeed, we would expect that this data structure would lead for 

more unlike findings, since the individuals compared are not the same. However, as we can 

observe below, the results are quite robust within the method utilized, even for more sensible 

measure as FGT(2) and Gini.   

In his empirical application of mobility decomposition using data from Peru, Yalonetzky 

(2012) actually found that exchange mobility, which is the one that we exclude when using the 

rank of income to transpose the distribution, is actually responsible for about 13 percent or less 

of the total mobility. His findings are in agreement with ours, if the exchange mobility does not 
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account too much in the total mobility, we should not expect serious differences in the results 

using anonymous or non-anonymous approach.  

 

 

Source: Estimates based on data from SEDLAC (CEDLAS and the World Bank). Note: Poverty line of $4USD a 
day. 

Figure 8 – Decomposition of per capita income into sources of income, using ENAHO data from 
Peru, 2009 and 2010. 
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Source: Estimates based on data from ENNVIH. Note: Poverty line of $4USD a day. 

Figure 9 – Decomposition of per capita income into sources of income, using data from Mexico, 
2002 and 2005. 

 

 

Source: Estimates based on data from SEDLAC (CEDLAS and the World Bank). Note: Poverty line of $4USD a 
day. 

Figure 10 – Decomposition of per capita income into sources of income, using CASEN data 
from Chile, 1996 and 2001. 
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5 Conclusion 

 

 We present a decomposition by welfare’s components to capture the contribution of each 

component on the change of an indicator. The Shapley concept is used to deal with the existence 

of path dependence that arises when each components is changed at once and sequentially. The 

decomposition proposed has a statistical profile once that, the counterfactual distributions 

obtained when changing a component and kept the others constant suffer from equilibrium-

inconsistency. 

 A non-parametric method to transpose the distribution, in absence of panel data, is 

presented. It relies on the observed rank correlation of the welfare aggregate on the two periods 

analyzed and utilized the observed correlation between the component and welfare aggregate 

when transposing the distribution from one period to the other.   

Possible data limitations were discussed as well as some applications. The results for 

poverty and inequality indexes in LAC were presented. Labor income seems to be the main 

contributor to reduce poverty in most part of the countries. For inequality, non labor income 

becomes as important as labor income. Additionally, the relevance of each component to the 

distribution of per capita income was analyzed through the decomposition of the GIC.  

 In the last section, comparison using anonymous and non anonymous data was made in 

order to validate the matching based on the rank of the welfare aggregate in case of repeated 

cross section data. The results were consistent. However, it is important to highlight that when 

anonymous data is used the interpretation of the results should be different, since we are not 

tracking individuals but the entire observed distribution of the welfare aggregate and its 

components. 

The attractive aspect of the decomposition is that it provides the contribution of each 

components variable for the change of an indicator. Therefore, it should be utilized as an 

accounting exercise in complement to others analysis and economic models.  
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