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Abstract 

Rural-urban inequality in China has been increasing over the past few decades, with the 
prospects of higher wages in urban centers leading to mass rural-urban migration. I examine 
how rural inequality affects the household decision to invest in domestic migration. I use 
relative deprivation to measure inequality and find that relative deprivation, measured 
cardinally or ordinally, pushes households to invest in migration. I also estimate the impact of 
rural-urban migration on rural inequality in China. I use conditional quantile regressions and 
define inequality as the gap between the 80th and 20th percentiles. Considering that remotely-
earned income is a substitute for income that otherwise would have been locally earned, I 
simulate the gap using counterfactual income distributions where all households field migrants 
or none do. I find that inequality would have been higher without migration, and would have 
been lower if every household had fielded a migrant.  

JEL Classification: D13; F24; O15; O18  
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1. Introduction  

 

During the past three decades China has made tremendous economic progress, reducing 

poverty from around 80% in the early 1980s to 1.9% in 2013.1 However, while most of the 

coastal cities in China have prospered, the interior rural areas have not enjoyed the same pace 

of development. Real urban income has increased more than real rural income for most of the 

past three decades; in 2005, rural income per capita was only 39% of urban income per capita 

(Park, 2008).  Given the sharp divide between rural and urban China in terms of opportunities, 

labor mobility can play a significant role in economic development (World Bank, 2001). The 

                                                           
1 Poverty headcount ratio at $1.90 a day (2011 PPP), the World Bank poverty data: 
http://povertydata.worldbank.org/poverty/country/CHN 
 
* I would like to thank Professor Daniel Westbrook for his constant support, mentorship and guidance 
throughout this project, as well as Professor Zhaoyang Hou for his insights and feedback at every stage. I would 
also like to thank Professor Oded Stark for his seminar at Georgetown University Qatar on relative deprivation, 
and Professor Mongoljin Batsaikhan and Professor Sulagna Mookerjee for their help throughout the year. 
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gap between rural and urban earning potential provides an incentive for rural workers to 

migrate to urban centers; the incentive is stronger for those at the low end of the rural income 

distribution. The stock of rural-urban migration has consistently increased, reaching 155 

million migrants in 2010 (Chan, 2013). 

China’s rapid increase in average income – and in the incomes of the poor – has been 

accompanied by a surge in inequality.2 The contribution of the rural-urban gap to overall 

income inequality has been extensively documented (Du, Park and Wang, 2005; Xing, 2014, 

but relatively little attention has been paid to the concomitant increase in rural inequality. This 

is somewhat surprising, given that the Gini coefficient for rural incomes increased from 0.28 

to 0.67 during 1985 to 2009 (Zhijun, 2012).  

Increasing rural inequality may provide a further motive for migration. According to 

Stark and Yitzhaki (1988), falling farther behind others in the relevant reference group (or 

observing others accelerating away) produces a sense of relative deprivation; this sense 

increases the probability that migration is viewed as a favorable investment (Ravallion and 

Chen, 2007). Higher relative deprivation also makes households less risk-averse, as the 

disutility of being in the bottom tail of the income distribution adds to the motivation to 

undertake a risky investment such as migration, in order to improve their position in the 

ranking. Dustman et al. (2017) empirically document the relationship between risk aversion 

and the probability of migration in China. A third motive for migration is diversification of the 

income portfolio across different income streams (Stark and Levhari, 1982).  

Du, Park, and Wang (2005) and Zhu and Luo (2010) establish that rural-urban 

migration plays an important role in alleviating poverty, i.e., raising the incomes of poor 

households. In view of the evidence that inequality increased while migration raised incomes 

                                                           
2 Kanbur, Wang, and Zhang (2017) present evidence that inequality may have peaked by 2014. 
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at the low end of the income distribution, it must be the case that incomes at the high end of 

the distribution increased faster than those at the low end. It may be that migration paid off 

better for those already at the high end of the distribution or it may be that other factors 

correlated with migration caused incomes at the high end of the distribution to increase faster 

than those at the low end.  

It is clear that income and migration are jointly-determined. However, I take a reduced-

form approach to estimating each outcome separately. First, I develop a migration 

determination equation to explore the role of relative deprivation in migration. Second, I use 

quantile regressions to estimate the role of migration in determining incomes of households at 

the 20th and 80th percentiles of the conditional income distributions. This approach enables me 

to estimate the impact of migration on income, controlling for other covariates of income. I use 

the quantile regressions to construct counterfactual income distributions for scenarios in which 

all rural households – or none – field a migrant. Comparing the counterfactual distributions 

enables me to document the impact of migration across the entire income distribution. 

Focusing on the role of relative deprivation is justified by recent innovations presented 

by Stark (2017). Stark shows that the cardinal relative deprivation described in Stark and 

Yitzhaki (1988) can be expressed as the product of two terms: the first term is ordinal relative 

deprivation and the second is the burden of relative deprivation. Ordinal relative deprivation 

depends only on the proportion of the target’s reference group that lies above the target in the 

distribution of interest. The burden of relative deprivation is the average gap between the target 

and the outcomes of those who lie above the target in the distribution of interest.   

The decomposition of cardinal relative deprivation may be empirically relevant for 

reasons outlined by Stark (2017). As Stark (2017) puts it, the presumption that households 

make migration decisions based on their knowledge of the incomes of others places a “heavy 
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burden on the information structure” of the model. The literature that has found a significant 

effect of relative deprivation on migration often uses the cardinal measure (Czaika, 2011; 

Basarir, 2012). Few studies use the ordinal measure as an alternative explanatory variable, 

despite some studies having established the importance of rank in individual welfare 

(Powdthavee, 2009; Boyce, Brown, and Moore, 2010). 

In this paper, I do not use measures of relative deprivation based on income because 

they are endogenous. Instead, I use measures based on the amounts of farmland and the sizes 

of houses owned by households in the reference group. Rural farmland ownership is not likely 

to be endogenous to migration, as farmland was administratively allocated long ago. I also use 

measures based on house size but the exogeneity of that variable is less secure and will be 

investigated in subsequent work. While amounts of farmland and sizes of houses belonging to 

neighbors are more easily visible to the household of interest, ease of observation may not be 

the sole determinant of the perspective households take, so the question remains: which 

perspective is relevant? Indeed, if the ordinal perspective is correct but a cardinal measure is 

used in empirical work, then the coefficient on the measure of relative deprivation would be 

attenuated due to measurement error bias.  

I find that ordinal relative deprivation based on the amount of farmland owned by 

households has a statistically significant positive effect on the decision of the household to field 

a migrant. In the same regression, the coefficient on burden of relative deprivation is 

statistically insignificant.  

In the second part of the paper I use quantile regressions to estimate the impact of 

migration on various quantiles of conditional income distributions, controlling for other factors. 

I take the difference between the fitted 80th and 20th percentiles as a measure of inequality. The 

quantile regression approach can also be used to estimate the impacts of other variables (such 
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as education) on incomes of households that do or do not have migrants. Finally, the 

counterfactual exercise provides a mechanism for controlling for the fact that households with 

and without migrants have different distributions of characteristics.  I find that migration 

disproportionately benefits the 20th percentile and has no effect on the 80th percentile; hence, 

inequality is lower in the counterfactual in which all households have a migrant. Thus, 

migration has an equalizing effect and increasing rural inequality must be driven by factors 

other than migration. 

The paper is organized as follows.  The second section contains the description of the 

data. In Section 3 I describe the migration determination model, the estimation methodology, 

and the results. Section 4 contains the income determination model, the estimation 

methodology, the quantile regression results, and the counterfactuals. Section 5 concludes and 

provides a discussion of future work that will focus on addressing endogeneity. 

2. Data 

The China Household Income Project Series data set for 2002 (CHIPS 2002) provides 

a large representative sample of households in rural China, with 9,159 households including 

approximately 37,000 individuals from across 122 counties. For variables such as household 

income, fixed assets and financial assets, I used the bacon command in STATA to identify 

observations that were outliers; they were omitted. Among the 7,033 households for which 

there are no outliers or missing observations on relevant variables, 1,778 households have at 

least one migrant and 5,122 households do not. The questionnaire was not specifically designed 

to study migration – the original data set contains no indicator for “migrant” – so I define 

migrants as individuals who earned income outside the township of residence or who 

contributed remittances to the household during 2002.  
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2.1 Dependent Variables. The CHIPS 2002 survey focused on the economic activities 

of the household and its members. Earnings of “resident” members were documented, even if 

those residents earned considerable portions of their income away from their home village. I 

define temporary migrants as individuals that were listed as residents of the rural household 

but who earned income outside the township of residence. These individuals might also have 

earned income within the township of residence, but few did; most of them lived away from 

their households for substantial periods of time during the survey year. The data set also 

documents remittances received from “non-resident” household members. Individual 

characteristics of non-resident members are not documented, but I count households that 

received remittances as having at least one migrant who might be regarded as a permanent 

migrant. Data on income from household activities such as farming, renting out land, and so 

on, is also present in the data set. 

I define working age adults as household members aged 18 to 70, inclusive. Each 

household has nh working-age resident members, among whom mh are temporary migrants. 

Thus,  𝑚𝑚ℎ  ≤  𝑛𝑛ℎ. Neither 𝑛𝑛ℎ nor 𝑚𝑚ℎ includes the permanent migrants since the survey does 

not indicate their number per household. Each resident member earned 𝑦𝑦ℎ𝑖𝑖  ≥ 0                            

(where 𝑖𝑖 = 1,⋯ ,𝑛𝑛ℎ) within the township and/or 𝑦𝑦ℎ𝑗𝑗  ≥ 0 (where j= 1,⋯ ,𝑛𝑛𝑚𝑚) outside the 

township. Only a few individuals have both.  

Income from household farming and non-farming activities is added up in variable 𝑦𝑦ℎ 

and remittances from permanent migrants are 𝑅𝑅ℎ. The definition of household income per 

working age adult is then: 

∑ 𝑦𝑦ℎ𝑖𝑖 +  ∑ 𝑦𝑦ℎ𝑗𝑗 + 𝑦𝑦ℎ +  𝑅𝑅ℎ
𝑚𝑚ℎ
𝑗𝑗=1

𝑛𝑛ℎ
𝑖𝑖=1

𝑛𝑛ℎ
, 

where ℎ = 1,⋯ ,𝐻𝐻 households. 
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2.2 Control Variables. Control variables are available at the county, household, and 

individual level. A list of variables is included in Table 1; a few specially calculated variables 

are described in Appendix I and are described in the next few paragraphs. 

The county-specific migration rate is the proportion of households in the county which 

have at least one migrant. This variable is used as a proxy for the ease of migration, as counties 

with greater proportions of households with migrants may have denser migration networks or 

better access to transportation. The potential endogeneity of this variable will be addressed in 

subsequent work. 

The proportion of economic (i.e., cash) crops as a proportion of total agricultural 

production is also calculated at the county level. This serves as a proxy for agricultural 

productivity and market access. The sign of the coefficient on this variable is a priori 

ambiguous, as better agricultural productivity could diminish the incentive to migrate, but 

better market access could reduce the cost of migration. 

Table 1 shows sample means of the variables of interest for households that have 

migrants and those that do not. The last column of the table shows the differences, with 

indications of the statistical significance of the differences. Households with migrants are 

statistically significantly different to household without migrants. Those without migrants have 

higher income per capita, greater farmland per capita, and are more likely to own a non-farm 

business. This points to the possibility that the gap in per capita income is one of the factors 

that increases the probability that low income households will field migrants. 

3. Relative Deprivation and the Migration Determination Equation 

Households invest in migration not just to increase household income but also to 

improve the position of the household within a certain reference group (Stark, 1984; Stark and 

Taylor, 1989). While many basic models of household behavior are based on utility functions 
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that are functions of income alone, Stark and Yitzhaki (1988) extend the analysis to include 

relative deprivation as an argument in the utility function, where relative deprivation is a 

measure of the degree to which the household of interest falls below other households in the 

reference group. The main elements of Stark and Yitzhaki (1988) and Stark (2017) are 

explained in the next few paragraphs. 

Table 1. Sample Means  

Variables Without Migrant With Migrant  

  Mean Mean Difference 

HH Communist Party Member 0.18 0.15 0.03*** 

HH Age 45.9 47.7 -1.8*** 

HH Sex 0.96 0.97 -0.01 

Household Income per Working Age Member 3963 3494 469*** 

Average Household Education Level 2.64 2.6 0.04** 

Size of House m2 112 117 -5.00*** 

Size of Farm m2 per Working Age 2.72 1.68 1.04*** 

Value of Fixed Assets 4217 2822 1395*** 

Value of Financial Assets 6395 5496 899*** 

# of Working Age Members 2.8 3.4 -0.61*** 

Indicator for Non-Farm Business 0.16 0.14 0.02** 

Indicator for Hilly Area 0.27 0.41 -0.14*** 

Indicator for Mountainous Area 0.23 0.25 -0.02*** 

Distance from Township Govt 4.67 5.27 -0.6*** 

Proportion of Economic Crops in the County 0.26 0.22 0.04*** 

Proportion Migrant Households per County 0.19 0.41 -0.22*** 
 
Proportion of Households in Non-Farm 
Business in the County 0.05 0.03 0.02*** 

Proportion of County Labor in Farming Sector 0.68 0.65 0.03*** 

*** p < 0.01, ** p < 0.05, * p < 0.10    
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Consider the continuous random variable 𝑤𝑤 ≥ 0, which represents household income 

or wealth. This random variable is distributed as shown by the probability density function 

𝑓𝑓(𝑤𝑤) in Figure 1. The corresponding distribution function is 𝑃𝑃(𝑤𝑤 < 𝑧𝑧) = 𝐹𝐹(𝑧𝑧). 

Sample households are arranged in an ascending order  

(wn < wn-1 < … < wz < … < w2 < w1)       

and i is the rank of household z in the distribution. 

Figure 1. The Distribution of Income or Wealth 

 

 ( )f w   
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Stark (2017) shows that the cardinal measure of relative deprivation developed in Stark 

and Yitzhaki (1988) is the product of two terms: ordinal relative deprivation and the burden of 

relative deprivation. The ordinal measure reflects only the proportion of households that lie 

above the household of interest.  Thus, ordinal relative deprivation is 

𝑅𝑅𝑅𝑅𝑖𝑖𝑜𝑜 =  
𝑖𝑖 − 1
𝑛𝑛

 

Cardinal relative deprivation is ordinal relative deprivation weighted by the burden of 

relative deprivation.  The burden is the gap between the household of interest and the mean of 

the households above it. Thus, the cardinal measure is  

𝑅𝑅𝑅𝑅𝑖𝑖𝑐𝑐 =  
(𝑖𝑖 − 1)
𝑛𝑛

∑ (𝑤𝑤𝑗𝑗 −  𝑤𝑤𝑖𝑖)𝑖𝑖−1
𝑗𝑗=1

(𝑖𝑖 − 1)
. 
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Table 2 shows sample averages of ordinal relative deprivation, the burden of relative 

deprivation, and cardinal relative deprivation for households in the CHIPS 2002 data set, where 

the reference group for each household consists of the other households in the same county. 

These measures were calculated for the entire sample, using farmland per working age adult 

and house size per working age adult. The sample was then split into migrant and non-migrant 

household subsamples, and the sample averages were calculated. Relative deprivation 

measures based on household income were not used because they would be endogenous. 

However, farmland was assigned to households much earlier, during the land reform period, 

and hence, is not endogenous. By extension, house size is likely to be exogenous as well.  

The figures in Table 2 show that households with a migrant have higher ordinal relative 

deprivation measured in terms of farm size per working age household member or house size 

per working age household member. Since these measures were constructed for the entire 

sample, they provide preliminary evidence that households without a migrant are more likely 

to be lower in the income distribution. Interpreting the burden measure in Table 2 is more 

complicated. For farm size per working age household member, the difference suggests that 

households without a migrant are lower down the distribution in terms of the gap, but this could 

be due to the fact that a small number of non-migrant households that are at the bottom of the 

income distribution do not have any farmland at all, which accentuates the gap and skews the 

burden measure.  

Table 2. Measures of Relative Deprivation 

Variables 
RD using farm size per  
working age member 

RD using house size per  
working age member 

       
       Sample Average Difference Sample Average Difference 

  No Migrant Migrant   No Migrant Migrant   
Ordinal RD 0.46 0.53 0.07*** 0.45 0.53 0.80*** 
Burden 1.46 1.05 -0.41*** 21.3 22.7 1.40*** 
Cardinal RD 0.72 0.59 -0.13*** 10.4 12.5 2.10*** 
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The empirical literature on relative deprivation uses the cardinal measure and finds that 

it has a significant effect on migration in only some cases. Stark (2017) argues that ordinal 

relative deprivation should be tested separately from the cardinal measure because most 

households will not know the income or wealth of the households above them and will only 

have a general sense of where they lie in the ranking. Thus, the ordinal measure might be the 

more reliable measure for empirical work. Stark (2017) cites a number of empirical papers in 

psychology and behavioral economics. 

For this paper, I assume that households do not compare themselves to the whole 

society; rather, I assume that they place themselves within a geographically-defined reference 

group. For rural households, I take this reference group to be the county of residence. In some 

papers migration allows a household to change its reference group by moving, but that is not 

the case here. The households in the data set remained in their official hukou locations and 

fielded individual migrants. 

Because household income is endogenous in a migration equation, I base my measures 

of relative deprivation on two household characteristics that are less likely to be endogenous: 

farmland per capita and house size per capita. Both variables are positively correlated with 

household income per capita, making them good candidates to proxy relative deprivation in 

income or wealth. The two sets of relative deprivation measures – in log form – are used in 

separate regressions to compare their performances. 

 The migration determination equations are  

Pr[𝑃𝑃𝑖𝑖 = 1 | 𝑍𝑍𝑖𝑖 ,   𝑙𝑙𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖,   𝑙𝑙𝑏𝑏𝑏𝑏𝑟𝑟𝑟𝑟𝑏𝑏𝑛𝑛𝑖𝑖] =  𝛼𝛼0 +  𝑍𝑍𝑖𝑖′𝛼𝛼1 +  𝛿𝛿1𝑙𝑙𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖 + 𝛿𝛿2𝑙𝑙𝑏𝑏𝑏𝑏𝑟𝑟𝑟𝑟𝑏𝑏𝑛𝑛𝑖𝑖 +  𝜀𝜀𝑖𝑖  (1) 

and            

Pr[𝑃𝑃𝑖𝑖 = 1 | 𝑍𝑍𝑖𝑖 ,   𝑙𝑙𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖, ] =  𝛼𝛼0 +  𝑍𝑍𝑖𝑖′𝛼𝛼1 +  𝛿𝛿1𝑙𝑙𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖 +  𝜀𝜀𝑖𝑖 ,      (2) 
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where Pi is an observed binary variable that is equal to 1 if the household has a migrant and 

equal to 0 for households without migrants. Zi is a vector of household-level and village-level 

control variables that affect the household decision to field a migrant. Logs of cardinal relative 

deprivation, ordinal relative deprivation and the burden of relative deprivation are variables 

lrdc, lrdo, and lburden, respectively. 

Estimating equation (1) lets me test the hypothesis that 𝛿𝛿1 =  𝛿𝛿2. Failure to reject this 

hypothesis indicates that equation (2) is the appropriate specification and that cardinal relative 

deprivation is the preferred measure. Estimating equation (1) also lets me test the hypothesis 

that 𝛿𝛿2 = 0. Failure to reject this hypothesis indicates that the appropriate specification contains 

only the ordinal relative deprivation measure. If both hypotheses are rejected, then equation (1) 

is the appropriate specification. 

The control variables in the migration determination equation measure either the 

household’s incentive to field a migrant or its capability to do so. Access to tap water, distance 

from urban centers and smaller farm size would incentivize households to invest in migration. 

On the other hand, the number of migrants per county and value of assets would measure the 

ability of the household to field a migrant. Migrants per county is a proxy for migration 

network, and hence, shows the ease of migration in terms of information and access, while the 

value of fixed and financial assets is a measure of the resources available to the household to 

invest in migration. Other household characteristics include an indicator for having a non-farm 

business, average education level of the working age adults in the household and the proportion 

of cash crops planted by the household. 

3.1 Results 

I used the Probit model to estimate the migration determination equations (1) and (2). 

Table 3 shows the coefficients on measures of relative deprivation that are based on household 
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farmland per working age household member; complete results are presented in Appendix II. 

Results for relative deprivation measures based on farmland per capita, house size per working 

age and house size per capita are in Appendix III. 

The results for the specification that includes ordinal relative deprivation and the burden 

of relative deprivation indicate that the hypothesis δ2 = 0 cannot be rejected; on the other hand, 

the coefficient on ordinal relative deprivation is highly statistically significant and the 

hypothesis  δ1 =  δ2, is emphatically rejected. While the coefficients are for ordinal relative 

deprivation and cardinal relative deprivation both are highly statistically significant, the 

coefficient on the cardinal measure is smaller than the coefficient on the ordinal measure. One 

potential explanation for this outcome is that cardinal relative deprivation is simply ordinal 

relative deprivation measured with error, hence its coefficient is attenuated due to measurement 

error bias.   

Table 3. Coefficients on Relative Deprivation Measures 

VARIABLES Equation (1) Equation (2) Equation (1)  
with δ2 = 0 imposed 

 coeff p-value coeff p-value  coeff p-value  

       
Log Ordinal Relative Deprivation 0.0675** 0.031   0.0731** 0.014 

 (0.0314)   (0.298) 
Log Burden of Relative 
Deprivation 

0.0311 
(0.0454) 0.494 

 
   

Log Cardinal Relative 
Deprivation   

0.0552*** 
(0.0214) 0.01   

       
County-Level Clustered Standard 
Errors YES  YES 

 
YES 

 
Province Fixed Effects YES   YES   YES   

 

Note: Robust standard errors in parentheses.  
This table shows coefficients on RD measures; refer to Appendix II for full results. 
*** p < 0.01, ** p < 0.05, * p < 0.10. 
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Since Probit coefficients do not have an intuitive interpretation, I illustrate the effect of 

changes in ordinal relative deprivation by estimating the probabilities of a household having a 

migrant at different levels of ordinal relative deprivation. The predicted probabilities are 

averages of the household-level predictions calculated by STATA’s margins command for the 

observed values of all regressors except ordinal relative deprivation, which is fixed at selected 

values. Thus, we estimate the average migration rates for the existing sample households if the 

ordinal relative deprivation were constant across households, at the 20th, 50th and 80th 

percentiles of ordinal relative deprivation. The p-values are for tests of the hypothesis that the 

average predicted value is no greater than the average predicted value at the next lowest 

percentile. The results are highly statistically significant and confirm that higher ordinal 

relative deprivation increases the probability of the household having a migrant.  

 
Table 4. Average Predicted Probabilities at Several  

Ordinal Relative Deprivation Levels 
 

     

 RDO Percentiles Average Predicted 
Probability p-value  

   

1 0.2061  
   

20 0.2485 0.0075*** 
   

50 0.2641 0.0133** 
   

80 0.2725 0.0157** 

  
 

*** p < 0.01, ** p < 0.05, * p < 0.10. 
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The results for other variables in the migration determination equation (Appendix II) 

show that it is more likely for poorer households to have a migrant. Households with a non-

farm business are less likely to have a migrant, which means households with a migrant are 

more likely to rely on farming or wage labor. Households in hilly or mountainous areas, and in 

villages with lower percentages of cash crops are more likely to have a migant, indicating that 

the potential from earning high incomes from farming is limited. These households are also 

farther away from the township government, which can be a proxy for less economic 

development or access to infrastructure for those regions.  Importantly, households with a 

greater number of working age adults are more likely to have a migrant, lending support to the 

notion that migrants are often surplus labor in the rural areas. 

4. Income Determination, Quantile Regression, and Counterfactual Incomes 

Following Xing (2014), I use counterfactual fitted income quantiles to measure the 

impact of rural-urban migration on rural inequality. I apply the counterfactual approach in a 

quantile regression framework, which enables me to estimate inequality at specific values of 

income determinants rather than using a summary measure such as the Gini coefficient.  

Consider the simple quantile regression 

Qθ[𝑦𝑦𝑖𝑖|𝑥𝑥𝑖𝑖 ,𝑚𝑚𝑖𝑖𝑚𝑚𝑖𝑖] = 𝛼𝛼𝜃𝜃 + 𝛽𝛽𝜃𝜃𝑥𝑥𝑖𝑖 + 𝛾𝛾𝜃𝜃𝑚𝑚𝑖𝑖𝑚𝑚𝑖𝑖        (3) 

where 𝜃𝜃 indicates the quantile of interest, 𝑥𝑥𝑖𝑖, is a continuous regressor, 𝑚𝑚𝑖𝑖𝑚𝑚𝑖𝑖 is an indicator for 

household 𝑖𝑖 having a migrant, and 𝑖𝑖 = 1,⋯ ,𝑛𝑛 designates households. All of my analysis is 

based on counterfactual fitted values from estimated quantile regressions such as this, but 

containing multiple regressors.  

I use quantile regressions for two reasons. First, they provide direct estimates of the 

inequality measures of interest at specified values of the control variables. This enables me to 
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determine whether particular control variables are important correlates of migration. Second, 

quantile regressions indirectly control for certain types of unobservables that must be omitted 

from OLS regressions. For example, unobservables such as ability can affect a household’s 

position in the income distribution. Households, whether with or without a migrant, that have 

high unobservable ability would tend to be at the top end of the conditional income distribution, 

controlling for observable household characteristics. At each percentile level, households with 

same levels of ability are compared. 

The counterfactual approach allows me to control for the fact that the distributions of 

control variables for households that field migrants are different from those for households that 

do not. By generating counterfactual income distributions across all households, I am able to 

compare the migrant and without-migrant income distributions with a common set of controls.  

4.1 Migration Incidence Curve 

My migration incidence curve is a variation on the growth incidence curve of Ravallion and 

Chen (2003). It is constructed as follows. Suppose the fitted values for the 𝜃𝜃th quantile 

regression are 

𝑦𝑦�𝜃𝜃,𝑖𝑖 = 𝛼𝛼�𝜃𝜃 + �̂�𝛽𝜃𝜃𝑥𝑥𝑖𝑖 + 𝛾𝛾�𝜃𝜃𝑚𝑚𝑖𝑖𝑚𝑚𝑖𝑖. 

The corresponding counterfactual fitted values assuming that all households have or do not 

have a migrant are 

𝑦𝑦�𝜃𝜃,𝑖𝑖
1 = 𝛼𝛼�𝜃𝜃 + �̂�𝛽𝜃𝜃𝑥𝑥𝑖𝑖 + 𝛾𝛾�𝜃𝜃 × 1 

and 

𝑦𝑦�𝜃𝜃,𝑖𝑖
0 = 𝛼𝛼�𝜃𝜃 + �̂�𝛽𝜃𝜃𝑥𝑥𝑖𝑖 + 𝛾𝛾�𝜃𝜃 × 0. 
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The fitted values are averaged over the sample and the impact of migration at quantile 𝜃𝜃 is 

defined as 

𝑦𝑦�𝜃𝜃1��� −  𝑦𝑦�𝜃𝜃0���

𝑦𝑦�𝜃𝜃0���
 × 100%. 

A graph of impacts at various quantiles (𝜃𝜃) plotted against the values of 𝜃𝜃 is the migration 

impact curve (Figure 2). 

4.2 Inequality 

A convenient measure of inequality is based on comparing the fitted values at high 𝜃𝜃 

with fitted values at low 𝜃𝜃. For example, the 80th and 20th quantile regressions 

𝑦𝑦�80,𝑖𝑖 = 𝛼𝛼�80 + �̂�𝛽80𝑥𝑥𝑖𝑖 + 𝛾𝛾�80𝑚𝑚𝑖𝑖𝑚𝑚𝑖𝑖 

and 

𝑦𝑦�20,𝑖𝑖 = 𝛼𝛼�20 + �̂�𝛽20𝑥𝑥𝑖𝑖 + 𝛾𝛾�20𝑚𝑚𝑖𝑖𝑚𝑚𝑖𝑖 

provide the basis for measuring inequality as 

1
𝑛𝑛
�𝑦𝑦�80,𝑖𝑖

𝑛𝑛

𝑖𝑖=1

−  
1
𝑛𝑛
�𝑦𝑦�20,𝑖𝑖

𝑛𝑛

𝑖𝑖=1

 

 To isolate the effect of migration on this type of measure we compute counterfactual 

fitted values by assigning all households or none to have migrants, in turn: 

𝑦𝑦�80,𝑖𝑖
1 = 𝛼𝛼�80 + �̂�𝛽80𝑥𝑥𝑖𝑖 + 𝛾𝛾�80 × 1 

and 

𝑦𝑦�20,𝑖𝑖
1 = 𝛼𝛼�20 + �̂�𝛽20𝑥𝑥𝑖𝑖 + 𝛾𝛾�20 × 1; 

or 

𝑦𝑦�80,𝑖𝑖
0 = 𝛼𝛼�80 + �̂�𝛽80𝑥𝑥𝑖𝑖 + 𝛾𝛾�80 × 0 
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and 

𝑦𝑦�20,𝑖𝑖
0 = 𝛼𝛼�20 + �̂�𝛽20𝑥𝑥𝑖𝑖 + 𝛾𝛾�20 × 0. 

Then we compare  

�
1
𝑛𝑛
�𝑦𝑦�80,𝑖𝑖

1
𝑛𝑛

𝑖𝑖=1

−  
1
𝑛𝑛
�𝑦𝑦�20,𝑖𝑖

1
𝑛𝑛

𝑖𝑖=1

� 

to 

�
1
𝑛𝑛
�𝑦𝑦�80,𝑖𝑖

0
𝑛𝑛

𝑖𝑖=1

−  
1
𝑛𝑛
�𝑦𝑦�20,𝑖𝑖

0
𝑛𝑛

𝑖𝑖=1

�. 

Note that similar comparisons are feasible at specific values of the covariate 𝑥𝑥 and that 

even richer comparisons can be developed by interacting 𝑥𝑥 with the indicator for migration. 

For simplicity, the illustrations above are based on quantile regressions with a single covariate 

in addition to the migration indicator. However, the quantile regressions I actually use contain 

the covariates listed in Table 1.   

Figure 4 shows the average counterfactual fitted values for the 20th, 50th, and 80th 

quantiles plotted against specified levels of education, holding all other covariates constant at 

their sample means. This sort of plot is easy to do in STATA by following the qreg command 

with appropriate margins commands. 

4.3 Results 

Table 5 presents results for quantile regressions at the 20th and 80th income percentiles 

and for OLS. For the 20th percentile, the coefficient on the migration indicator is positive and 

statistically significant, which shows that investing in migration increases the household 

income per working age adult for households in the lower tail of the income distribution. For 

the 80th percentile, the coefficient is insignificant. Thus, rural-urban migration lifts the lower 
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tail of the income distribution and has an income equalizing effect. In the OLS regression, the 

coefficient on migration is positive and statistically significant, but if one were to look only at 

OLS results, the interesting differential across quantiles would not be not apparent.  

Table 5. Income Determination Quantile Regressions 

  (1) (2) (3) 

VARIABLES 

Household 
Income 
/Capita 

Household 
Income 
/Capita 

Household 
Income 
/Capita 

        
 Q(80) Q(20) OLS 
    

Indicator for Household with Migrant 37.31 298.8*** 172.7** 
 (128.7) (57.95) (68.98) 

Farmland per Working Age Member 354.6*** 203.8*** 267.7*** 
 (21.47) (9.667) (11.51) 

Fixed Productive Assets 0.0772*** 0.0165*** 0.0346*** 
 (0.00399) (0.00180) (0.00214) 

Financial Productive Assets 0.101*** 0.0383*** 0.0649*** 
 (0.00486) (0.00219) (0.00260) 

Number of Young Children -328.2*** -132.7** -245.5*** 
 (123.6) (55.63) (66.22) 

Avg Household Educ Level 324.1*** 189.8*** 288.7*** 
 (66.49) (29.93) (35.63) 

Proportion of Migrant Households per County -865.1** -394.6** -611.0*** 
 (417.0) (187.7) (223.4) 

Household Head Age -48.76*** -26.62*** -35.34*** 
 (5.129) (2.309) (2.749) 

Household Head Gender -223.3 41.26 -14.89 
 (264.1) (118.9) (141.5) 

Indicator for Non-Farm Business 1,205*** 409.0*** 705.5*** 
 (140.7) (63.33) (75.38) 

Proportion of Economic Crops Cultivated in Vill 379.8 373.5*** 519.8*** 
 (253.3) (114.0) (135.7) 

Proportion of Households in Non-Farm Business 
per Vill 2,520*** 1,493*** 1,664*** 

 (843.9) (379.9) (452.2) 
Proportion of Vill Labor in Farming Sector -980.3*** -417.5*** -908.8*** 

 (286.6) (129.0) (153.6) 
Distance from nearest township govt -6.000 2.374 1.195 

 (11.74) (5.285) (6.291) 
    
Province Fixed Effects YES YES YES 
Notes: the migration dummy is 1 if household has at 
least one migrant.    
Standard errors in parentheses. 
*** p < 0.01, ** p < 0.05, * p < 0.1    
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The migration impact curve illustrates the change in average income for each percentile 

as a result of migration. In Figure 2, the curve shows the effect on income if all households 

were to move from the no-migrant counterfactual to the all-migrant counterfactual. Thus, if 

households at the 20th percentile were to move from no-migrant status to migrant-household 

status, they would enjoy an income increase of about 7%.  For households at high income 

percentiles a similar experiment yields no income increase. The monotonically negative slope 

of the migration impact curve illustrates that lower-income households benefit 

disproportionately from migration and inequality is mitigated. 

Figure 3 provides a different view of the same phenomenon. The counterfactual income 

distributions are plotted against 𝜃𝜃. The all-migrant counterfactual and the no-migrant 

counterfactual appear in the numerator of the migration incidence calculation: 𝑦𝑦�𝜃𝜃1��� and 𝑦𝑦�𝜃𝜃0���, 

respectively. 

Figure 2. Migration Impact Curve 
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Figure 3. Counterfactual Income Distributions 

 

Figure 4 is designed to show how the impact of migration varies with the average years 

of schooling of working-age adults in the household at the 20th, 50th, and 80th percentiles of 

income, holding all other covariates constant at the sample mean values. Again, we see that 

migration benefits households at lower income quantiles much more than those at higher 

income quantiles. This is true for all education levels. Households at the 20th percentile, given 

education, enjoy roughly the same positive impact of migration at all education levels. 

Households at the median, given education, enjoy somewhat larger gains to migration at higher 

education levels. Finally, households at the 80th percentile, given education, do enjoy a small 

positive impact of migration if their education levels are low.   
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Figure 4. Counterfactual Fitted Values Against Education Level 

 

 

5. Endogeneity and Conclusion 

 An implication of Stark and Yitzhaki (1988) and Stark (2017) is that an increase in 

relative deprivation driven by an increase in inequality would incentivize households at the low 

end of the income distribution to choose some household members to engage in migration. 

China provides an excellent case study. 

 I find that, while controlling for household income and other characteristics, relative 

deprivation does motivate households to field migrants. Moreover, I find that Stark’s (2017) 
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decomposition of relative deprivation into ordinal and burden components is informative: only 

the ordinal component is statistically significant.  

 The second part of this paper documents the degree to which rural-urban migration 

ameliorates rural inequality. Indeed, migration raises the lower tail of the income distribution, 

while having little effect on the upper tail. Thus, policies that promote migration among 

members of poorer households, such as access to credit and better transportation infrastructure, 

can play a role in mitigating inequality.  

 As I mentioned in the introduction, migration and income are jointly determined. Thus, 

income in the migration determination equation and migration in the income equation are likely 

to be endogenous. This would lead to the results being biased, and the impact of migration on 

income would be overestimated. I will correct for this in future work by using a measure of 

market access generated using topographic data as an instrument for household income (Emran 

and Hou, 2013). 

 The second source of endogeneity is omitted variables that are correlated with control 

variables and with the decision to migrate. Risk aversion is a characteristic that may affect the 

household’s decision to field a migrant; see Dustmann, et al. (2017). Risk aversion may also 

affect the household’s decision to undertake entrepreneurial activity (such as cultivating cash 

crops or having a non-farm business), which may then influence affect the migrant indicator. I 

hope to incorporate risk aversion into future work by acquisition of the data set Dustmann, et 

al. (2017) used. 
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Appendix I. 

Description of Selected Control Variables 

Household Level Variables 

Farmland per working age member: For rural households, land is the most important type of 
physical capital. The amount of land held by each household was determined by the land 
redistribution that occurred in China in 1953 so it is exogenous to current economic decision-
making of the household. My use of farmland per working age adult is consistent with the per 
capita measure of income I use.  

 
Average Household Education Level: Education level of the household is an essential control 
variable because the returns to education in rural areas may vary significantly depending its 
position in the income distribution. Households that are more educated may be more likely to 
have sources of non-farm income and are more motivated to invest in migration given the 
higher returns in urban areas. 
 
Indicator for Non-Farm Business: Most rural households rely on farming as the primary source 
of income; a non-farm business is a source of additional income. It may also provide an 
alternative to migration.  

 
Distance from nearest Township Government: Given the strong top-down administrative 
system in China, local government centers also serve as economic hubs and would have a well-
developed transportation network. Therefore, households that are closer to the township 
government would have greater access to markets and to transportation networks, which is also 
a proxy for the ease of migration.  

 

Village Level Variables 

Proportion of Migrant Households per County: This is a proxy for migration networks that a 
potential migrant may have access to. The literature has established that residents of areas with 
more migrants have more information about the benefits and process of migration. Since the 
number of residents varies per county, using the number of migrants as a proportion of total 
county size indicates the presence of migration networks.  

 

Proportion of Economic Crops Cultivated per Village: This is used an indicator of the fertility 
of the soil and access to markets where households can sell their produce. Villages that have a 
high percentage of economic crops are less likely to have households that solely engage in 
sustenance farming and will have access to economic centers. 
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Proportion of Households with Non-Farm Business per Village: This is a proxy for the level of 
economic development of the village. These villages would be less reliant on farming activities 
as a source of income and have higher non-farm employment opportunities.  

 

Proportion of Village Labor in Farming Sector: Villages with high proportion of labor engaged 
in the farming sector are likely to be devoid of other employment opportunities, whether of 
earning wage or opening a non-farm business. These villages are likely to be less developed. 

 

Measures of Relative Deprivation 

Cardinal relative deprivation and its components are somewhat novel economic variables. It is 
of interest to show their distributions in the sample at hand. 

Ordinal Relative Deprivation: As ORD measures the proportion of households above the 
household of interest, its values are between 0 and 1. The higher the value of RDO, the more 
households are above the household of interest, and hence, relative deprivation is higher. The 
distributions below are compared to the log-normal distribution. Households with migrants 
have higher ordinal relative deprivation, which reveals that there is scope for further detailed 
analysis.  
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Appendix II. Complete Migration Determination Regression 

  (1) (2) (3) 

VARIABLES 

Household 
Had at least 1 

Migrant 

Household 
Had at least 
1 Migrant 

Household 
Had at least 
1 Migrant 

        
Log Ordinal Relative Deprivation 0.0675**  0.0732** 

 (0.0314)  (0.0298) 
Log Burden of Relative Deprivation 0.0311   

 (0.0454)   
Log Cardinal Relative Deprivation  0.0552***  

  (0.0214)  
Total HH Income per Working Age 
Member (000000) 42.14*** 41.83*** 42.19*** 

 (10.91) (10.85) (10.93) 
House Size m2 -0.000522 -0.000515 -0.000541 

 (0.000374) (0.000372) (0.000376) 
Farm Size m2 per Person -0.0592** -0.0663*** -0.0548* 

 (0.0295) (0.0255) (0.0281) 
Fixed Productive Assets (000000) -21.99*** -22.08*** -21.90*** 

 (6.624) (6.642) (6.613) 
Financial Productive Assets (000000) 0.196 0.140 0.327 

 (2.545) (2.530) (2.504) 
Avg Edu Among Working Age in HH 0.0610* 0.0614* 0.0603* 

 (0.0326) (0.0326) (0.0324) 
Indicator for HH with Non-Farm Biz -0.194** -0.194** -0.193** 

 (0.0757) (0.0757) (0.0754) 
Indicator for HH Has Tap Water -0.0588 -0.0603 -0.0566 

 (0.0524) (0.0518) (0.0525) 
Household Head Gender 0.103 0.0995 0.106 

 (0.148) (0.148) (0.147) 
Household Head Age -0.000652 -0.000565 -0.000733 

 (0.00233) (0.00230) (0.00231) 
Household Head Communist Party 
Member -0.162*** -0.162*** -0.161*** 

 (0.0471) (0.0472) (0.0471) 
Number of Young Children -0.0513 -0.0523 -0.0507 

 (0.0472) (0.0472) (0.0472) 
Number of Working Age 0.360*** 0.362*** 0.359*** 

 (0.0286) (0.0277) (0.0284) 
Prop of HH with Migrant by Coun 3.164*** 3.172*** 3.148*** 

 (0.169) (0.169) (0.171) 
Prop of HH with Non-Farm Biz by Vill -1.650*** -1.643*** -1.660*** 

 (0.466) (0.464) (0.466) 
Prop of Economic Crops by Vill -0.297** -0.297** -0.296** 

 (0.141) (0.141) (0.141) 
Distance from nearest township govt 0.0155** 0.0155** 0.0155** 

 (0.00613) (0.00612) (0.00613) 
Mountainous Area 0.0468 0.0461 0.0475 
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 (0.0661) (0.0659) (0.0667) 
Constant -2.823*** -2.840*** -2.809*** 

 (0.270) (0.265) (0.267) 
    

Province Fixed Effects YES YES YES 
County-Level Clustered Standard Errors YES YES YES 
Robust standard errors in parentheses    
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Appendix III. Different Relative Deprivation Measures        
  

 
           
  (1) (2) (3) (4) (5) (6) (7) (8)   

VARIABLES 

Household 
Had at 
least 1 

Migrant 

Household 
Had at 
least 1 

Migrant 

Household 
Had at 
least 1 

Migrant 

Household 
Had at 
least 1 

Migrant 

Household 
Had at 
least 1 

Migrant 

Household 
Had at 
least 1 

Migrant 

Household 
Had at 
least 1 

Migrant 

Household 
Had at 
least 1 

Migrant 

  

                    
 RD using farmsize per 

cap 
RD using house size 

per cap 
RD using farmsize per 

working age 
RD using house size 

per working age 
  

   
           
Log Ordinal Relative Deprivation 0.0480  0.0353  0.0675**  0.0770*    

 (0.0315)  (0.0348)  (0.0314)  (0.0457)    
Log Burden of Relative Deprivation 0.0191  -0.0536  0.0311  -0.104*    

 (0.0405)  (0.0542)  (0.0454)  (0.0603)    
Log Cardinal Relative Deprivation  0.0364*  0.0119  0.0552***  0.0197   

  (0.0196)  (0.0282)  (0.0214)  (0.0314)   
           

Province Fixed Effects YES YES YES YES   
County-Level Clustered Standard 
Errors YES YES YES YES 

  

           
Robust standard errors in parentheses                   
*** p<0.01, ** p<0.05, * p<0.1           
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