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Abstract 

 
We analyse intertemporal poverty in two important dimensions – income and nutrition – in less 

developed northwest China during 2000-2004. A generalised recursive selection model is proposed 

which enables simultaneous estimation of the causes of intertemporal poverty within and between 

dimensions. Improvement in agricultural production is crucial for reducing both dimensions of 

intertemporal poverty. We find evidence suggestive of intertemporal income-nutrition poverty traps. 

Higher labour productivity, especially in agriculture rather than local off-farm activities or out-

migration, holds much potential for breaking the vicious circle. Agricultural innovation and 

mechanisation, regarded by the government as indispensable, yield mixed outcomes for intertemporal 

multi-dimensional poverty reduction. 
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1. Introduction 

Over the last few years, two major developments in the way poverty is conceptualised 

and measured stand out. These regard, respectively, poverty’s multi-dimensionality and 

its dynamic nature over time. Developing measurement techniques which appropriately 

capture these important aspects of poverty has been a very active area of research lately. 

The vast majority of contributions though have focused on capturing either the multi-

dimensional aspect, or the temporal aspect, and have not attempted to deal with both 

simultaneously. 

  With regard to multidimensionality, notable contributions have been made by 

many authors including, among others, Tsui (2002), Bourguignon and Chakravarty 

(2003), Atkinson (2003) and Alkire and Foster (2011a).1 Despite the advances, there 

remains quite a fundamental point of difference in the literature. In one camp are those, 

such as Alkire and Foster (2011b), who argue for the value of identifying the poor by 

considering the joint distribution of deprivations, and of using a methodology which 

can indicate changes over time in a unified and internally consistent framework. In the 

other camp are those such as Ravallion (2011), who, citing difficulties in choosing 

which dimensions to include, and how they should be weighted, argues that we should 

“…aim for a credible set of “multiple indices” rather than a single “multidimensional 

index.”” (p. 247). 

 As well as the importance of multidimensionality, it is also increasingly 

recognised that measuring a “snapshot” of poverty, at a single point in time, or even 

consecutive “snapshots”, is inadequate for capturing poverty as people experience it.2 

It seems clear that the way in which poor spells are interspersed with non-poor spells, 

and the overall proportion of poor spells and their intensity must play an important role. 

Yet there is scope for a variety of views on how best to aggregate such information and 

there are a fast growing number of methodologies. These include Foster (2009), who 

accounts for the detrimental impact of spending a high proportion of time in poverty on 

the overall level of chronic poverty; Hoy and Zheng (2011), who account, among other 

things, for the particularly damaging impact of poverty early in life on capability or 

                                                
1 The latter has been especially influential in empirical work and provides a suite of indices that have 
been adopted to monitor multi-dimensional poverty by a number of national governments. Since 2010, a 
special case of these indices (Alkire and Santos, 2011) has been reported in the UNDP’s Human 
Development Report. 
2 It also tends to underestimate the number of people affected by poverty; a much greater proportion of 
people may experience poverty when observed over a longer time frame (Baulch and Hoddinott, 2000). 
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human capital formation, resulting in low long-term wellbeing, in the context of 

lifetime poverty; Bossert et al. (2012), who attach importance to the debilitating impact 

of prolonged periods spent in poverty, and Dutta et al. (2013), who incorporate also the 

mitigating impact that affluent spells might have on subsequent periods of poverty.3 

 While much progress has been made in measuring poverty both across 

dimensions, and over time, attempts to simultaneously account for multi-dimensional 

and intertemporal aspects of poverty in its measurement are in their infancy. The few 

such studies include Alkire et al. (2013), who combine the counting approach of Foster 

(2009) over time, with the counting approach across dimensions of Alkire and Foster 

(2011a), and D’Ambrosio (2013). The approach taken in the latter study begins by 

calculating intertemporal poverty in each dimension of interest separately and 

identifying individuals as multi-dimensionally poor if they experience functioning 

failure in at least one dimension, as in Atkinson (2003). Then, in the spirit of Alkire and 

Foster (2011a), a weighted average of all dimensions is used as an aggregate index for 

multi-dimensional intertemporal poverty.4  

 The contributions of this study are both empirical and methodological. 

Empirically, our interest is in shedding light on poverty, and its possible determinants, 

in two poor regions of rural northwest China – Gansu and Inner Mongolia. Using the 

measures of Dutta et al. (2013), we capture poverty as a multi-dimensional 

intertemporal phenomenon, across two important aspects of wellbeing – income and 

nutrition.  

There have been relatively few studies of income poverty in rural China which 

explicitly account for its temporal aspect. The studies that have been conducted have 

been largely concerned with decomposing total poverty into chronic and transient 

components. Jalan and Ravallion (1998) and McCulloch and Calandrino (2003), 

estimated overall poverty, at a household level, for rural Sichuan province, in southwest 

China, in the second half of the 1980s and the first half of the 1990s, respectively, and 

decomposed it into chronic and transient components. In these studies, total household 

intertemporal poverty is given by the mean per period poverty gap, raised to some 

power. The chronic poverty component is obtained by comparing the mean income over 

                                                
3 This list is far from exhaustive. Other notable studies include, among others, Calvo and Dercon (2009), 
Zheng (2011) and Mendola and Busetta (2012, 2013). 
4 The weights are determined according to European respondents’ perceptions of the relative importance 
of each welfare dimension. 
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time with the poverty lines, so that a household is chronically poor only if their mean 

income lies below this. More recently, Duclos et al. (2010) built on these approaches 

to develop a framework in which total societal intertemporal poverty depends not only 

on mean poverty gaps, over time and across individuals, but is exacerbated by 

variability in poverty over time, both at an individual level, and with regard to 

inequality across individuals. Their approach was then applied to 82 villages in nine 

Chinese provinces (Anhui, Gansu, Guangdong, Henan, Hunan, Jiangsu, Jilin, Shanxi, 

and Sichuan). 

The theoretical literature on measuring intertemporal poverty has recently 

reached quite a high level of sophistication, accounting, as described above, for 

individual poverty trajectories; the effect of the sequencing of poor and non-poor 

periods on an individual’s overall intertemporal poverty. We apply poverty indices 

proposed by Dutta et al. (2013) to a sample of Chinese rural households. These 

measures have a number of appealing features. They are sensitive to (i) orders of 

poverty transitions; (ii) the length of poor and non-poor spells; as well as more standard 

concerns such as the depth of poverty when poor.5 These measures have been applied 

empirically to data for Great Britain (Roope and Peters, 2013) and for a number of 

countries in the European Union (D’Ambrosio, 2013). To the best of our knowledge, 

this is the first study which applies these recent techniques in a developing country 

context; indeed most, if not all, existing applications of recent intertemporal poverty 

measures are for developed countries (e.g., ibid; Gradín et al., 2012). For rural China, 

there has been no assessment of households’ intertemporal poverty profiles which takes 

into account dynamic factors such as those outlined above.  

It is widely recognised that the poor in the developing world not only suffer from 

income or consumption shortfalls, but also face a many-faceted deprivation space 

encompassing nutrition, health, education and various poor living conditions. Recent 

examples in a Chinese context include Labar and Bresson (2011), who study multi-

dimensional poverty in rural China from 1991 to 2006, and Ray and Mishra (2012), 

who make comparisons between China, India and Vietnam. This study adds to this 

literature on multi-dimensionality of deprivations too, by exploiting a balanced 

household panel with annual waves from 2000 to 2004, which contains data on income 

and nutrition. We use this data to provide the first empirical estimates of household 

                                                
5 A special case of the measures also attaches some importance to the extent of affluence when not poor. 
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intertemporal poverty in rural China, across these important dimensions. In so doing, 

we unearth evidence consistent with a possible intertemporal nutrition-income poverty 

trap. The conventional nutrition-income trap has been well-established according to the 

nutrition-based efficient wage hypothesis: higher wages allow households to invest 

more income in health and nutrition (e.g., Leibenstein, 1957; Bliss and Stern, 1978; 

Dasgupta and Ray, 1986, 1987; Strauss and Thomas, 1998). Evaluating income and 

nutrition poverty over a longer term sheds greater light on who are truly the poorest in 

these dimensions. This, in turn, enables better estimates of the correlation between 

deprivations in the two dimensions.  

Having estimated the extent of multi-dimensional intertemporal poverty, we also 

investigate its determinants. We contribute to the literature by proposing a 

methodological framework, of general applicability, that takes into account the 

household unobservables which jointly determine various dimensions of wellbeing 

over time, and possible interdependence between observed poverty outcomes in 

different dimensions. Our approach goes some way towards reconciling the strands of 

literature on multi-dimensional and intertemporal poverty, in the sense that 

determinants of poverty, both over time and across dimensions, are estimated jointly 

and recursively, in a unified framework.6 Our methodology builds on Roope and Peters 

(2013), who employ a Heckman selection model to measure the extent of intertemporal 

income poverty in the UK, conditional upon being short of income. Here, we propose 

a generalised selection model, and estimate the determinants of intertemporal poverty, 

in each dimension, conditional upon being poor in at least one dimension at one time. 

Our approach allows for the realistic possibility that the factors which allow us to 

“observe” poverty, in the sense that a household is below the poverty line in at least one 

time period and one dimension, may differ from the factors that, conditional upon this, 

determine the overall severity of poverty in one or more dimensions, over the full period 

of analysis. Our method also allows for the (also realistic) possibility that the 

unobserved household-specific determinants of poverty in each dimension are 

correlated. Our model can easily be applied to other developing countries where panel 

data are available.  

                                                
6 We do not, however, endeavour to develop an overall index of multi-dimensional intertemporal poverty 
and, in this sense, our approach might be interpreted as being in the spirit of Ravallion (2011). 



6 
 

We find that the correlation between income and nutrition deprivations is high, 

consistent with a poverty trap hypothesis in an intertemporal context. Our results also 

suggest that those residing in Gansu, relying on circular migration as their main 

livelihood and not having any family members belonging to ethnic minorities, are 

poorer intertemporally in both dimensions than their counterparts in Inner Mongolia, 

who make a living by agriculture or local non-agricultural production and have at least 

one family member from an ethnic minority.7 In the early stages of development, when 

agricultural production is the major component of household livelihood, agricultural 

development, in terms of increased labour productivity, bigger farm sizes and 

investment in productive assets, appears to hold much potential for alleviating both 

intertemporal income and nutritional deprivation. However, China’s long exercised 

poverty alleviation policy in terms of investment in village infrastructures appears not 

to contribute to intertemporal poverty reduction, at least in the short-term.  

This paper proceeds as follows. A theoretical framework for measuring 

intertemporal poverty, and our multi-dimensional generalised selection model, are 

described in Section 2. The dataset is discussed in Section 3. Results are presented in 

Section 4, while Section 5 concludes with possible suggestions to inform current policy.  

 

2. Theoretical Framework and Empirical Methodology 

2.1. Measuring intertemporal poverty 

Following Dutta et al. (2013), an intertemporal poverty measure is a function which 

assigns to an individual’s (or household’s) poverty profile a non-negative number, i.e. 

. A particular time period is denoted by 1, ,t T,T, . 

Households are indexed by 1, ,i N, N, , but the index is suppressed in the remainder 

of this subsection for notional simplicity. A household has a poverty profile, in a given 

dimension of attainment (here, income or calorific intake) given by 

1, , 0,1 T
Tp pp , Tp,,, , where tp  indicates the household’s “snapshot” poverty level 

                                                
7 This finding is context specific for Inner Mongolia where ethnic minorities are richer compared with 
those in other parts of China, as their livelihood arrangement is a mixture of both agriculture and 
husbandry and the region is resource-rich. Nevertheless, ethnic minorities in China are, on average, 
poorer than the ethnic majority Han people. Section 3 gives detailed statistics for the two sample 
provinces.  
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at time t  as indicated by a normalized poverty gap from a poverty line z .8 As usual, 

therefore, 1tp  indicates the maximum possible level of poverty in period t  (no 

income, or no nutrition), while 0tp  indicates that the household is non-poor. 

 For a given profile p , tn  denotes the number of consecutive non-poor periods 

immediately prior to a poor period t . We use tk  to denote the number of preceding 

periods of uninterrupted poverty, up to and including the poor period t . Formally, 

 

and 

 

We will use Dutta et al. (2013)’s constant-relative affluence-dependent intertemporal 

poverty measure, which is given by: 

 (1) 

 The parameter  captures the sensitivity of the poverty experienced in each 

time period to the income shortfall.9 The damaging impact of consecutive periods of 

poverty is captured by tk , while the parameter  determines the extent of this 

intensifying effect. Similarly, the size of  determines how much the poverty analyst 

believes that the impact of a poor episode is mitigated due to preceding uninterrupted 

spells of non-poverty. (When 0 , there is no such mitigation and if also 0 , the 

measures collapse to the average of per-period static poverty measures.) 

 Implicit in (1) is quite a strict interpretation of the “focus” axiom in poverty 

measurement, where if income (or nutrition) in a non-poor period is increased further 

above the poverty line, this has no effect on overall poverty. Dutta et al. (2013) relax 

                                                
8  In principle, any of a wide range of static poverty indices from the literature can be used. The 
normalized poverty gap has some appealing properties, including sensitivity to the size of the shortfall 
and scale invariance. In the case of income, it also has a natural interpretation, when denormalized, as 
the minimum cost to society of removing a household from poverty.  
9 Using , as we do for most of our analysis leaves the normalized poverty gap as the static measure 
of poverty;  and  would convert the static poverty measure into the headcount measure and 
FGT2 measure, respectively. 
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this property in their relative affluence-dependent intertemporal poverty measure, 

which we also use. This is given by: 

  (2) 

where parameters , , 0  play a similar role as in (1) and the extent of the 

relative affluence in preceding non-poor periods is reflected by: 

 

 

where  and  denotes the 

household’s observed income or nutrition per equivalent adult at the affluent period .  

 The measures in (1) and (2) have much in common. In particular, both account 

for the exacerbating effect of long periods of poverty, and both allow prolonged periods 

of relative affluence to have a mitigating on subsequent periods of poverty. They also 

have the same upper and lower bounds, and if 0  both collapse to Foster 

(2009)’s intertemporal poverty measure.10 The main difference between them is that in 

(1), the mitigating effect of non-poor periods depends only on the length of time a 

household has been non-poor for, while in (2), the extent of this mitigating effect can 

be increased if households are far above the poverty line when they are non-poor. 

 Dutta et al. (2013) justify their approach by arguing that periods of affluence 

allow people to accumulate valuable resources that help mitigate the deprivation 

experienced in subsequent poor spells. Implicit in their approach is that, 
 “…in the absence of income smoothing opportunities, the mitigating effect of affluent periods is 

transmitted through non-income dimensions such as assets, health, social networks, human capital and 

so on.” (p. 743).  

While they treat income-based poverty as their primitive, a similar justification 

certainly seems to hold for nutritional poverty, and indeed nutrition might be considered 

a dimension of poverty which Dutta et al. (2013)’s measures are particularly well suited 

to capturing. It is well known, for example, that people who have a possibility of falling 

into poverty often use their “body as a store of energy” during times of relative 

                                                
10 The upper and lower bounds are  , and 0. It can be inferred from the dependence of the upper 
bound on  that the measures can only consistently compare profiles of the same length.  
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affluence by employing a “feast now fast later” strategy (Dercon and Hoddinott 2003, 

pp. 7–8). Moreover, intensification of nutritional poverty due to prolonged spells of low 

calorific intake is clearly a genuine phenomenon, with starvation and death a plausible 

outcome in extreme cases. 

In our empirical analysis then, we estimate both (1) and (2) for our two 

dimensions of household welfare: income and nutrition, to reveal the extent of multi-

dimensional intertemporal poverty. Considering the substantial income growth and 

monetary poverty reduction in rural China over the period of analysis, we use the 

measures defined by (2) to investigate the determinants of income and nutritional 

intertemporal poverty, while using (1) to check the robustness of results. 

 

2.2. Determinants of intertemporal poverty in multi-dimensions 

Having described our measures of household intertemporal poverty, in income and 

nutrition, we now describe our approach to investigating their determinants. A given 

household’s observed income ( 1y ) and nutritional status ( 2y ) (i.e. poor or non-poor) is 

denoted by dichotomous outcomes 1 2,y yy  which are determined by the 

underlying vector of attainments in these dimensions * * *
1 2,y yy . Let *

1 1 0y y1  

(or *
2 2 0y y1 ) if the household has suffered from income (or nutritional) poverty 

at least once over the period 2000-2004. Household intertemporal poverty (as captured 

by either of our measures), is a weighted average of per period measures and, thus, is 

truncated at zero, since the per period measures of poverty are also truncated at zero. 

Intertemporal poverty is “observed” only for those who have experienced at least one 

period of poverty. In each dimension, those who have never been poor do not then have 

any intertemporal poverty. In this sense, we encounter a selection problem when 

studying the determinants of a household’s intertemporal poverty; only those who have 

ever been poor are observed to have any. As argued in Roope and Peters (2013), 

intertemporal poverty should, thus, be modelled conditional upon being poor in at least 

one time period. 

We begin by making the strong assumption that income and nutritional poverty, 

for a given household, are independent events. Given the truncation in our intertemporal 

poverty measures, we construct a selection model to describe the household’s observed 
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intertemporal income poverty 1p  defined by (2) with ,  and 

 as follows: 

 

 

* *
1 1 1

*
1 1 2 1
*
1 1 2 1 3 1

0p p y

p
y

1

x x
x x z

 (3)

  

Here,  is the average ratio, across the three waves, of the household income per 

adult equivalent, at the 75th percentile of the income distribution, over the income 

poverty line.11 We consider those in the upper income quartile as being far above the 

poverty line and this status is assumed to provide a greater mitigating impact on 

subsequent income poverty than would a merely non-poor status; the greater mitigation 

is reflected by . In (3),  is a latent variable which captures the household’s 

intertemporal income poverty. It can take negative values, but intertemporal poverty is 

only observed  for those who have at some time fallen below the income 

poverty line; 1, , kx xx , kx, k  contains k determinants of household income poverty in 

the first wave; x  is a vector made up, for each household, of the intertemporal means 

of these k variables, in order to control for at least some of the household specific 

unobserved time-invariant heterogeneity (Chamberlain, 1984, pp. 1250) that may 

underlie their intertemporal poverty; 1z  contains the restriction, i.e., the excluded 

instrument, in order to enhance identification of the model. In particular, we use 

households’ pre-determined income poverty status in 1999 as the excluded instrument. 

It takes the value of one if the household’s per capita equivalent net income in 1999 fell 

below a certain poverty line and zero otherwise. Terms 1  and 1  are the unobservables 

affecting the household’s per-period income poverty status, and the extent of its overall 

intertemporal income poverty, respectively.  

Analogously, we also construct a selection model to describe the household’s 

observed intertemporal nutritional poverty 2p , also defined by (2), with the same 

parameter values as 2p , except for , which is set at 1.05, as follows: 

                                                
11 Using as high a threshold as this to define “absolute affluence” also helps mitigate the impact of 
measurement errors in income and nutrition on our results.  
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* *
2 2 2

*
2 1 2 2
*
2 1 2 2 3 2

0p p y

p
y

1

x x
x x z

 (4)

Here,  is the average ratio, across all waves, of the household nutrient intake 

per adult equivalent at the 75th percentile of the nutrition distribution, over the 

nutritional poverty line. We consider those in the upper nutrient quartile as being far 

above the nutrition poverty line. Analogously to above, this status is assumed to provide 

a greater mitigating impact on subsequent nutrition poverty than would a merely non-

poor status; the enhanced mitigation is reflected by . In (4), 1x  and x  are defined 

as before; the restrictions in the selection equation ( 2z ) are various food prices in each 

period t, as these are closely related to households’ per-period nutritional intake, but 

less so to Dutta et al. (2013)’s weighted averages of nutrition shortfall over the entire 

period of analysis.12  

The unobservables in the selection and outcome equations (of both (3) and (4)) 

are assumed to jointly affect both household poverty status (poor or non-poor) and the 

overall extent of intertemporal poverty. The two error terms then follow a binormal 

distribution for each variety of poverty, that is  where 1,2j  

indicates income or nutritional deprivation and the variance-covariance matrix is given 

by 
2

1
j j j j j

j j j j

jΣ , where 0
j j

 to reflect interrelated *
jy  and *

jp  for 

the same household i and 2 1
j

 to facilitate normalisation. Based on this, we use two 

approaches to estimate (3) and (4).  

Applying the Heckman (1979) two-step procedures, to (3) and (4) separately, 

yields consistent parameter estimates β̂  and θ̂ . The first step is to insert the inverse 

Mills’ ratios, derived from the selection equations, 1 2 3

1 2 31
j

j
j

x x z

x x z
,  

where 1j  for income and 2j  for nutrition, as additional regressors in the two 

                                                
12 The food items include grain, oil, vegetables, fruit, pork, beef, lamb, poultry, egg, alcohol, milk, and 
dairy products. They are also components in our calculations of households’ nutritional intake. Their 
prices are calculated by the expenditure (in yuan) the household paid for this variety of food over the 
amount (in kg) it purchased. The monetary values of prices are translated into real term by dividing them 
by the spatial price index.  
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respective outcome equations.  and  denote the standard and cumulative 

normal density functions, in turn. The augmented outcome equations are then estimated 

by OLS in the second step.  

A conventional two-step method like Heckman (1979) relies less on the 

functional form, and so is more robust than other estimation strategies such as 

maximum likelihood (ML) estimation. Nevertheless, the two-step estimators are less 

efficient than the ML ones. Given this, we also implement partial ML estimation and 

calculate the likelihood ratio statistics for the models. The likelihood function for (3) 

and (4) can be written as: 

 

*

0 0
1

1

1 2 3

1
1 2 3

Pr 0 | , , Pr | 1, ,

1
    

| , , , ,

j j
j

ij

ij

j j j j

j j j ij ij ij
y p

y

y
N j

y
i

j j j j

L y p p y

h p

z x x x x

x x z

x x z z x x

 (5)

  

where 1,2j  indicates income or nutritional deprivation, and 

| , , , ,
j j j jj j jh p z x x  is the conditional normal density function for the jth 

outcome equation. The log-likelihood to be maximised takes the following expression 

under the joint bivariate normal distribution: 

 

1 2 3
1

2
1 2 3 1 2

2 2 2
1

1 2

1 1

1 ln 1

      ln
1

      ln ln

j j j j j

j j j j j

j

j

N

j ij j
i

N j ij
ij

i

N N
ij

ij ij
i i

y

p
y

p
y y

x x z

x x z x x

x x

j 111

 (6) 

So far we have treated income and nutritional poverty independently. A 

household could, however, be either just poor in one of these dimensions during the 

period of analysis, or could endure both forms of poverty sometime during the T periods. 

In other words, for the same household, the unobservables that determine its multi-

dimensional poverty incidence, and the extent of its deprivation in different dimensions, 

may well be correlated. We take this into account and model households’ multi-

dimensional intertemporal poverty by the system containing, simultaneously, (3) and 
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(4), while the unobserved components for the same household i, 1 2 1 2, , , ,ε υ , 

are not independent, but jointly normally distributed as The 

variance-covariance matrix Σ  consists of the following elements:  

1 2 1 1 1 2

1 2 2 1 2 2

1 1 2 1 1 2

1 2 2 2 1 2

1

1

1

1

Σ  

It has unit diagonal entries in order to normalise the scale for the equations in (3) and 

(4). In other words, the correlation coefficients between the unobservables reduce to, 

for example, 
1 2 1 21 2cov , | , 0x x .  

This structure of Σ  essentially transforms the model to a two-stage self-selection 

process with two selection criteria in the first stage and two outcomes in the second 

stage. The full sample therefore consists of four categories according to households’ 

observed experiences in income and nutritional poverty. These, and the corresponding 

probabilities, are: 

(i) Always non-poor in both dimensions: 1 2 1 2Pr 0, 0 | , , ,y y z z x x ; 

(ii) Poor in income at least once, while never poor in nutrition: 
*

1 1 2 1 2 1 2 1 2Pr , 0 | 1, 0, , Pr 1, 0 | , , ,p p p y y y yx x z z x x ; 

(iii) Poor in nutrition at least once, while never poor in income: 
*

1 2 2 1 2 1 2 1 2Pr 0, | 0, 1, , Pr 0, 1| , , ,p p p y y y yx x z z x x ; 

(iv) Poor in both income and nutritional dimensions at least once, while poverty 

spells of two dimensions do not necessarily take place at the same time: 
* *

1 1 2 2 1 2 1 2 1 2Pr , | 1, 1, , Pr 1, 1| , , ,p p p p y y y yx x z z x x . 

The likelihood function of the system (3) and (4) is the product of the probabilities of 

all four cases:  
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1 2

1 2
1 2

1 2
1 2

1 2 1 2
0, 0

*
1 1 2 1 2 1 2 1 2

0, 0
1, 0

*
1 2 2 1 2 1 2 1 2

0, 0
0, 1

* *
1 1 2 2 1

Pr 0, 0 | , , ,

   Pr , 0 | 1, 0, , Pr 1, 0 | , , ,

   Pr 0, | 0, 1, , Pr 0, 1| , , ,

   Pr , | 1,

y y

p p
y y

p p
y y

L y y

p p p y y y y

p p p y y y y

p p p p y

z z x x

x x z z x x

x x z z x x

1 2
1 2

2 1 2 1 2
0, 0
1, 1

1, , Pr 1, 1| , , ,
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On the assumption of multivariate normality of the error terms, (7) can be expressed as: 
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where 2  is the bivariate standard normal cumulative distribution function;  h  

denotes the conditional multivariate normal density function. The log transformation of 

(8) is evaluated by the maximum simulated likelihood (MSL) method using the GHK 

simulator to calculate the trivariate and four-variable normal integral and Halton draws 

(Roodman, 2011).  
 

3. Data 

We employ a panel dataset in two western provinces of China, Gansu and Inner 

Mongolia, with 5 annual waves from 2000 to 2004. This incorporates data from 

individuals as well as surveys for their households and villages.  

Our dataset was collected by the National Bureau of Statistics (NBS) local 

branches, covering 1,500 households in 150 villages from 15 counties. Of these, 700 

households in 7 counties are in Gansu and the remaining 800 households are from 8 

counties in Inner Mongolia. Gansu is one of the poorest provinces in China with its real 

per capita GDP ranking in the bottom 3 out of 31 provinces for two decades (1990-

2010).13 By contrast, Inner Mongolia ranked in the middle (16-20) in the same period 

                                                
13 Authors’ calculation based on data from China Statistical Yearbooks published annually by the NBS. 
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and was characterised by rich natural resources, typically coal mines, animal husbandry 

and related processing industries such as meat, dairy and cashmere. Enumerators 

regularly visited respondents throughout the year and income and consumption data 

were collected by the daily diary method. Therefore, the data should be expected to be 

more accurate than those relying on one-time interviews and memory and the non-

response rate and attrition were negligible (Christiaensen et al., 2013). We use 

household equivalent units in our analysis. The modified OECD equivalence scale is 

used to adjust for household size and produce household monetary variables per 

equivalent adult. All monetary values are translated into real terms by using spatial 

price indices to obtain compatibility over time and between the two provinces.14  

Income poverty reduction accelerated in the sample time period as a result of 

large-scale government-led investment projects and loans. The proportion of poor 

people in rural China declined from 10.46% in 2001 to 9.47% in 2004 under the US$ 1-

a-day poverty line (World Bank, 2009). Our dataset suggests a similar trend – as shown 

in Figure 1(a), the total poverty incidence in our two sample provinces dropped from 

12.5% in 2000 to 7.3% in 2004, under the same poverty line. Temporal 3.7-7.9 

percentage point increases in total poverty rates can also be observed between 2000 and 

2001 under three choices of income poverty lines. All increased poverty came from 

Inner Mongolia as suggested by the annual provincial poverty rates in Figure 1(a). 

Under the updated World Bank poverty line of US$1.25/day, the poverty rate in Inner 

Mongolia in our data rose from 33.4% in 2000 to 43.1% in 2001, which was possibly 

due to a grazing ban which was enforced between 15 March and 15 June in 2000 

(Christiaensen et al., 2013). The poverty rate in Gansu declined consistently over the 

sample periods, while the magnitude was higher than that of Inner Mongolia in each 

wave except 2001. The slight increase in poverty rate from 2003 to 2004 in our data is 

consistent with the national poverty profile. According to the NBS, the first increase in 

the size of the poor population took place in 2003, when more than 80 million people 

returned to poverty due to natural disasters.15 In our data, the increased poverty rate in 

2004 was driven largely by a 5.3 percentage points increase in Inner Mongolia. From 

                                                
14 See Table A.1 in Appendix for detailed definitions and descriptive statistics for all variables.  
15 The farming areas in China destroyed by natural disasters increased by 30.3% in 2003 according to the 
China Statistical Yearbook published annually by the NBS.  
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January to June in 2004, drought swept Inner Mongolia and the rainfall dropped by 30-

80% to the lowest level since 1951.16  

[Figure 1] 

As with poverty incidence, Figure 2(a) shows that there was also an overall 37.5% 

decrease in the average income poverty gap (from 8% in 2000 to 5% in 2004) under the 

US$1.25-a-day line. This is despite increases, mainly in Inner Mongolia, between 2000 

and 2001, and after 2003, when poverty incidence also rose. The interesting observation 

from Figure 2(a) is that the higher the income poverty line, the less the decrease in the 

poverty gap over time. This implies that those who escaped from severe poverty (say, 

the US$1-a-day line) did not continue to improve their situation much further, but rather 

remained around the poverty line. This can be reaffirmed to some degree by the “extent 

of affluence” in Figure 3: for the highest the poverty line, the gap between the 

household’s observed income or nutrition and the poverty line increases least over time.  

[Figures 2-3] 

As the World Bank (2009), among others, has warned, successful reduction in 

income and consumption poverty does not necessarily synchronise with improvement 

in other dimensions of human well-being. We also examine nutritional poverty to 

recognise probable many-faceted hardship. Figure 1(b) shows that incidence of 

nutritional poverty actually increased over the same period that incidence of income 

poverty declined. On average, 70% of sample households lived on less than 2,100 kcal 

per person per day. More people suffered from nutritional shortage than from income 

deprivation throughout the sample period, and the gap between the incidence rates of 

the two kinds of deprivation widened, as can be seen by comparing Figures 1(a) and 

1(b). The nutritional poverty rate increased by about 8 percentage points (12% of 

proportional change) from 2000 to 2004, while household equivalent per capita net 

income grew by 31% concurrently.17 The depth of nutritional poverty also increased. 

The average nutrition poverty gap, which is illustrated in Figure 2(b), increased by 14.4% 

during 2000 to 2004, under the 2,100 kcal threshold, from 22.3% in 2000 to 25.5% to 

2004. This seems to have been driven largely by a further increase in the already 

                                                
16 Data come from the Report on the State of the Environment in China 2004 published by the Ministry 
of Environmental Protection.  
17 When income increases, Chinese households are inclined to consume more oil and fat rather than more 
grains, which have more calories. Those in Inner Mongolia eat more meat and dairy products compared 
to grains, which also contains lower calories than diets with grains as the staple. Higher and more volatile 
food prices also affect nutrient intake. See You (2014) for a recent review and You et al. (2014) for a 
comprehensive analysis of explanations for the ‘higher income-lower nutrition’ paradox in China. 
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substantial depth of nutrition poverty in Inner Mongolia. Also alarmingly, the “extent 

of affluence” in Figure 3 in the nutrition domain is relatively stable over time, with even 

a slightly decreasing trend.18  

Divergent trends in income and nutrition have also manifested in other large panel 

datasets, for example, the China Health and Nutrition Surveys (CHNS). Based on its 

1989-1997 waves, Du et al. (2004) ascribe the detrimental effects of income increases 

on nutrition to a shift from high-carbohydrate foods toward high-fat, high-energy 

density ones, as people become wealthier. Based on its 2000-2006 waves, Shimokawa 

(2013) finds little correlation (0.04) between households’ per capita calorie intake and 

per capita income, and that more wealth results in worsening diet structure, in terms of 

higher energy intake from fats but proportionally less from fruit and vegetables. You et 

al. (2014) provide a comprehensive analysis of possible explanations for the income-

nutrition paradox, in both rural and urban China.  

Over time, chronic and transient poverty have co-existed in rural China with the 

former being slightly more dominant than the latter (e.g., Jalan and Ravallion, 1998 for 

the 1980s; McCulloch and Calandrino, 2003 for the first half of the 1990s; Duclos et 

al., 2010 for the period 1986-2002; and Wan and Zhang, 2013 for two decades from 

1985 to 2005). Our data are consistent with these findings. As indicated in Table 1, 

14.23% of sample households had fallen below US$1.25 per day. For those who were 

poor in a given period, poverty would persist into the next period with a probability of 

29.63%. Both chances of escape, for those who were poor, and sliding backwards for 

the initially non-poor are nontrivial – 70.37% and 11.26%, respectively. It can be 

inferred from the upper panel of Table 2 that 28.67% of the full sample has experienced 

at least 3 poverty transitions, and 53% of poor spells suffered by sample households 

stopped after one year (Figure 4). However, 28.6% of poor spells persisted for at least 

three years (Figure 4). There appears to be a higher incidence of both transient and 

persistent nutritional poverty than is the case for income poverty. Under the threshold 

of 2,100 kcal per person per day, 70.85% of households were deprived of nutrition at 

least once (lower panel of Table 1) and 38% of households have changed their poverty 

status at least 3 times (lower panel of Table 2). It can also be inferred from the lower 

panel of Table 1 that 80.65% of those without sufficient nutrition in a given period 

                                                
18 It should be borne in mind that the scope for very high levels of “affluence” in nutrition is considerably 
more limited than is the case for income, as there are physical limits to the number of calories people can 
eat. 
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would continue to suffer in this way in the subsequent period. Moreover, once sinking 

into nutritional deprivation, households were more likely to remain in nutritional 

deprivation – 47.8% had not taken sufficient calories for at least 3 waves (lower panel 

of Table 2). Moreover, consistent with Table 1, and as expected, with regard to both 

income and nutrition, higher poverty lines enhance the likelihood of persistent poverty, 

and dampen the likelihood of escape.   

[Tables 1-2] 

[Figure 4] 

In spite of repeated poverty spells, households also spent some time in relative 

affluence. Table 2 shows that 52.6% (4%) of households remained successfully in non-

poverty of income (nutrition) throughout the sample period; 72.87% (49.6%) of 

households once lived above US$1.25 per day (2,100 kcal per person per day). It can 

be deduced from Figure 5 that 47.8% (36.7%) of non-poor spells of income (nutrition) 

have lasted for at least 3 waves. The not negligible number of affluent episodes, 

together with frequent transitions and some persistent poverty spells, justify a 

household poverty measurement approach such as that of Dutta et al. (2013), which 

takes account of dynamic factors like these.  

[Figure 5] 

 

4. Estimation results and discussion 

4.1. Household intertemporal poverty 

The analyses henceforth, except where specified, are based on the poverty lines of 

US$1.25/day for income and 2,100 kcal for nutrition. The average intertemporal 

income poverty over the entire sample period is 0.064, without accounting either for 

any intensification imposed by previous poor spells, or for any mitigating effects of 

previous affluent spells (i.e., Foster’s (2009) indicator in Column 1 of Table 3). To give 

an indication of the role that the actual levels of incomes during poor periods have in 

this estimate, Foster’s (2009) measure would be 1.3 times larger (0.15) if we 

hypothesise the maximum poverty gap, which is one, for every poor episode, while 

keeping income or nutrition in non-poor periods as it is (which does not, in any case, 

affect Foster’s (2009) measure). Nevertheless, if every household could enjoy sufficient 

affluence (i.e., assigning the 75th percentile observed income (nutrition) level to every 

household in each of their non-poor spells or, in other words, setting  

( ) in every non-poor spell), while experiencing the actual observed depth of 
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poverty in poor spells, their relative-constant intertemporal poverty, according to  

with ,  and  would have dropped from 0.063 to 0.059 in 

the income dimension and from 0.525 to 0.520 in the nutrition dimension. The above 

exercise suggests that these “not-so-poor” households not only confronted the risk of 

returning to poverty, as they still remained close to the poverty line, but also benefitted 

less from non-poor periods than those who had successfully managed to escape far from 

the poverty line, at least according to .  

[Table 3] 

We also calculate each intertemporal measure for selected sub-populations.19 

Geographically, the poorer province, Gansu, experienced higher intertemporal poverty 

than the wealthier one, Inner Mongolia, in all measures of the income dimension. 

Nevertheless, intertemporal nutritional poverty is found to be much higher in Inner 

Mongolia than in Gansu (Columns 5-6 of Table 3), even affluent periods are allowed 

to have a mitigating effect. This could be driven primarily by a 19-49% larger 

nutritional poverty gap in Inner Mongolia than in Gansu throughout the sample period 

as shown in Figure 2(b), although the nutritional poverty incidence was actually lower 

in the former as shown in Figure 1(b).  

According to the production activity to which the household allocates the most 

labour (days per year), we divide the full sample into agricultural, local non-agricultural 

and circular migrating households. Interestingly, those putting the most labour into 

local non-agricultural production were least poor in both income and nutrition, but 

relying on circular migration made households worse-off intertemporally, especially 

when referring to relatively low income and nutrition poverty lines (e.g., Columns 1, 2 

and 5 of Table 3). We will return to this by discussing the roles of different labour 

productivity in Section 4.2. Ethnic identity appears to be an additional correlate of 

intertemporal poverty. The household was substantially less intertemporally poor if at 

least one family member belonged to an ethnic minority. This is consistent with the 

exploratory data analysis in Section 3 that the ethnically autonomous province, Inner 

Mongolia, was richer than Gansu in every wave. Together with higher average 

intertemporal nutrition poverty in Inner Mongolia than in Gansu, we conjecture that the 

                                                
19 The division of samples does not consider gender, as only 7 out of 1,500 households were headed by 
females. 
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Han people in Inner Mongolia might struggle with the toughest nutritional shortage in 

the study population.  

All discussions so far also hold broadly for higher poverty lines (Columns 3-4 

and 7-8 of Table 3). As expected, the same intertemporal poverty measure is always 

higher under the higher poverty line than that under the lower poverty line. 

 

4.2. The roles of agriculture and household material well-being in determining 

intertemporal poverty 

Table 4 summarises the two-step estimation results of Eqs. (3) and (4), which attempt 

to identify the determinants of household multi-dimensional intertemporal poverty. The 

estimated coefficient of the inverse Mills’ ratio is broadly statistically significant in 

both income and nutrition models, implying the existence of endogeneity and lending 

some justification to our choice of estimation approach, as this estimator essentially 

captures the correlation between the probability of being poor and the extent of 

intertemporal poverty, i.e., 2ˆ ˆ
j j j

, with 1,2j  denoting the income or nutritional 

dimension.20 Re-estimating Columns (3) and (7) of Table 4 by ML (Eq. 5) yields 

broadly similar results shown in Columns (4) and (8), but with smaller standard errors 

– as expected since ML is more efficient than two-step estimation. The correlation 

coefficient between the errors in selection and outcome regressions (  with 

) is positive in income (0.99) and negative in nutrition (-0.64) dimensions, both 

significantly different from zero with the F-statistics being 6.61 (p-value=0.01) for 

income and 24.3 (p-value=0.00) for nutrition. This also corroborates the existence and 

direction of endogeneity within each poverty dimension identified by Heckman two-

step estimators. Table 5 reports estimation results of Eq. (8), further correcting for 

simultaneity between income and nutritional deprivation. The bottom panel of Table 5 

reports cross-correlation coefficients of selection and outcome regressions within the 

system, indicating the existence of joint determination of income and nutritional 

deprivation. The hull hypothesis that these coefficients are jointly zero is firmly rejected 

in all specifications in Table 5 at the 1% significance level. This justifies the 

presumption on the structure of the variance-covariance matrix underlying the 

                                                
20 That  is significantly positive in income regressions and negative in nutrition regressions means that 
more able households would earn more income but consume fewer calories. This is consistent with the 
aforementioned observations of higher income but lower nutrient intake in Section 3.  
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usefulness of our generalised selection model (3)-(4), with jointly distributed 

disturbances within and between poverty dimensions. Again similar results as the two-

step estimation are obtained but with smaller standard errors. 

[Tables 4 and 5] 

Specifically, there were no age effects in household multi-dimensional 

intertemporal poverty.21 A doubled initial proportion of children and the elderly within 

the household (dependency ratio variable) would add 0.155-0.223 to its intertemporal 

nutritional deprivation (Columns 5-8 of Table 4, Columns 5-6 of Table 5). Having at 

least one ethnic family member in 2000 was associated with 0.232-0.572 lower 

subsequent intertemporal nutritional poverty (Columns 5, 6 and 8 of Tables 4, Columns 

4-6 of Table 5), as the mean household per capita nutritional intake in 2000 was 51.4% 

higher in ethnic minorities than in Han people.22 The negative association with being 

from an ethnicity minority and intertemporal nutritional poverty also echoes the lower 

levels of average nutritional intertemporal poverty measures for ethnic minorities in 

Table 3. Neither dependency ratio nor ethnic status has a robust association with income 

poverty.  

Human capital, as captured by the sum of household labour force weighted by 

their years of education, robustly dampens intertemporal income poverty with the 

marginal impact of 0.002-0.004 at the 1% significance level (Columns 1-4 of Table 4 

and Columns 1-3 of Table 5), but tends to raise intertemporal nutritional poverty by a 

larger marginal amount of 0.004-0.008 at the 1% significance level (Columns 5-6 of 

Table 4 and Column 4 of Table 5). This may be understandable, considering that more 

initial human capital, especially primary education, promotes income growth for 

Chinese rural households in lagging regions (e.g., Sato, 2010; Song, 2012), which is in 

turn associated with a dietary shift towards low total calorie intake and unhealthier food 

consumption through a negative income effect (e.g., Du et al., 2004). Moreover, 

insufficient diets and micronutrient supplementation, unsatisfactory or even non-

existent catering infrastructure in rural schools, and misaligned supply-side incentives 

for health improvement programmes in rural China have been widely criticised as 

resulting in high prevalence of malnutrition among rural students (e.g., Kleiman-

                                                
21 We also inserted the squared term of age and re-estimated Table 4, but neither age variable was found 
to be statistically significant.  
22 The ethnic minorities in study provinces are basically Mongolian. Their higher nutritional intake than 
that of Han people may be caused by their traditional diet preference and structure dominated by milk, 
other dairy-products and meat.  
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Weiner et al., 2012; Luo et al., 2011; Miller et al., 2012), undermining human capital 

formation and resulting in undernutrition during adulthood.  

Initial physical capital, which is proxied by households’ fixed productive assets, 

also appears to be associated positively with subsequent intertemporal nutritional 

poverty (Column 8 of Table 4 and Columns 5-6 of Table 5). However, its net outcome 

is still negative (poverty-reducing), considering the larger negative impact of 

households’ intertemporal average asset holdings. The statistically significant and 

negative estimates of initial productive assets in Columns 5-6 of Table 4, when the 

intertemporal asset holdings are not purged, also offer support for the view of a net 

poverty-reducing influence of productive asset accumulation. We observed similar 

phenomena for the role of land in both poverty dimensions. Having more areas of 

cultivated land owned by the household is associated with a net benefit to reducing 

multi-dimensional intertemporal poverty. This stems from having more land holdings 

in the long term, represented by a higher intertemporal mean farm size, rather than more 

initial land endowments.23  

Initial labour productivity correlates negatively with both intertemporal income 

and nutritional poverty at the 1% significance level (-0.117 and -0.052 in Columns 1 

and 5 of Table 4, respectively). We further disaggregate this into three kinds of 

production arrangement commonly practised by rural households, namely (local) 

agriculture, local non-agriculture and circular migration.24 A 10% increase in initial 

agricultural labour productivity, measured by the net agricultural income (yuan) per 

agricultural labour input (day), would suppress 0.004-0.005 of the household’s 

subsequent intertemporal income poverty (Column 2 of Table 4 and Column 1 of Table 

5), and 0.003 of its intertemporal nutritional poverty (Columns 4 of Table 5). The 

magnitude of the above reductions is equivalent to 6% (0.004/0.063) and 0.6% 

(0.003/0.521) of the average intertemporal income and nutrition poverty, respectively, 

across all households. Note that statistical significance of the initial agricultural labour 

productivity gives way to that of its intertemporal mean (Columns 3-4 and 7-8 of Table 

                                                
23 The positive correlation between intertemporal poverty and initial land and asset holdings may be 
caused by the temporal increase of poverty from 2000 to 2001 which was discussed in Section 3. Its 
explanation may also apply to the positive, but insignificant, correlation between intertemporal poverty 
and initial agricultural labour productivity. However, the importance of agriculture cannot be simply 
denied, given its significant poverty-reducing effects through rural households’ capacity building in 
agricultural production.  
24 Circular migration in rural areas refers to working, or seeking jobs temporarily, outside of the residence 
village but with registration being attached to the original household.   
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4, Columns 2-3 and 5-6 of Table 5). The magnitude of marginal decreases in 

intertemporal poverty brought by a 10% increase in households’ intertemporal mean 

agricultural productivity also rose to as much as 0.01 for income (Column 4 of Table 

4), equivalent to a 16% (0.01/0.063) decrease in average intertemporal income poverty, 

and 0.009 for nutrition (Column 6 of Table 5), equivalent to a 2% (0.009/0.521) 

decrease in average intertemporal nutritional poverty. This implies that households’ 

long-term growth in agricultural labour productivity functions as a more effective 

instrument to fight against intertemporal income and nutritional poverty in the course 

of poverty transitions than do short-term increases, or simply a higher initial 

endowment, of agricultural labour productivity. The long-term benefit of agricultural 

improvement is consistent with other empirical findings. In respect of poverty 

transitions over time in rural China, agriculture prevents re-entry into poverty for those 

who have recently escaped and engaged mainly in out-migration (Imai and You, 2014), 

by assuring them of some safety nets for subsistence livelihood when shocks and 

uncertainties hit (Wang et al., 2013). 

Local non-agricultural activities also appear to reduce intertemporal income as 

well as nutritional poverty in both Heckman (Table 4) and generalised selection models 

(Table 5). The impact on the former is felt through both initial and intertemporal 

improvement in labour productivity in local non-agricultural production, while the 

impact on the latter is realised only when long-term improvement is achieved. If 

referring to the average level of multi-dimensional intertemporal poverty as listed in 

Table 3, a 10% increase in initial local non-agricultural labour productivity can yield 

about 6% (0.004/0.063 in Column 2 of Table 5) and 0.6% (0.003/0.521 in Column 6 of 

Table 5) reductions in intertemporal income and nutritional poverty, respectively, both 

of which are the same or smaller than those brought by equivalent gains in either short- 

or long-term agricultural labour productivity.   

In contrast, circular migration only suggests a significant income poverty-

reducing effect through its initial rather than long-term level, which is indicated by 

statistically insignificant estimates of intertemporal mean variables in Columns 3-4 of 

Table 4 and Columns 2-3 of Table 5, and does not help improve nutrition. As previously 

shown in Table 3, households relying most on circular migration endure the severest 

intertemporal poverty among three different livelihood groups, especially at lower 

poverty lines and in the income dimension. This might be explained by the mixed role 

of migration in poverty dynamics. From a static point of view, migration helps 
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households escape from monetary poverty as it brings more income and consumption 

particularly for the poor (de Brauw and Giles, 2012). Re-calculating Table 1 for 

households, respectively, ever with and always without, out-migrating family members 

between 2000 and 2004, we find that the average probability of escaping income 

poverty against US$1.25/day across two consecutive waves is 80.1% for the former 

group as opposed to 67.1% for the latter. Nevertheless, when accounting for dynamic 

aspects of poverty, such as transitions, migration may also incur the risk of repeated 

poverty, especially for those living without any agricultural production, possibly due to 

various uncertainties and economic risk in underdeveloped factor markets (Imai and 

You, 2014) and no investment effect of migration on households’ productive activities 

(de Brauw and Giles, 2012). In our data, 37.6% of households with out-migrating 

family members, and which have ever managed to escape income poverty, remained 

successfully above the poverty line throughout the sample period; 25.2% managed to 

stay in non-poverty in just one wave. By contrast, 43.1% of those without any out-

migrating family members, but having ever escaped income poverty, maintained their 

non-poverty status throughout the sample period and only 20.7% were non-poor in just 

one wave.  

The insensitivity of household nutrient intake to migration could be explained by 

the structure of household consumption expenditure when more income is generated by 

circular out-migration. Although our dataset did not record how or where the 

households used remittances, previous studies and some cross-tabulations of our data 

may provide some clues. Specifically, in a household survey in six provinces in 2000, 

de Brauw and Rozelle (2008) find that in relatively affluent areas, where the median 

incomes were more than twice the poverty line, an additional migrant increased 

investment in housing and consumer durables by 20%, while there was no association 

between remittances and productive investment in remaining households in the village. 

The much stronger propensity to consume, in particular to construct houses, compared 

to saving on receipt of remittances, is reaffirmed by Zhu et al.’s (2012) study based on 

another survey in 2006. They further document even less savings for productive 

investment in both agriculture and household business in migrant, than in non-migrant, 

families. Our data from two poor provinces also lend support to these findings. The 

correlation coefficient between households’ real food consumption per adult equivalent 

and out-migration (i.e., a dummy variable taking the value of 1 for migrant households) 

is -0.174. Conversely, a 1% increase in household incomes of migrants is associated 
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with a 0.1% increase in the real value of the house, at the 5% significance level. 

Compared with non-migrant households, migrant households lived in better houses, 

with 3.84 more squared metres of brick areas, at the 10% significance level.25 

Comparing the above three livelihood arrangements, the magnitude of the impact 

of initial agricultural labour productivity on reducing intertemporal poverty is 

significantly larger than that of local non-agriculture activities and circular migration: 

the Wald test of equal estimated coefficients for the three kinds of labour productivity 

in Column 2 of Table 4 and Column 1 of Table 5 is firmly rejected at 1% significance 

level with 2 2  being 15.14 and 38.23, respectively.  

Our finding of the crucial role of agriculture in fighting against poverty echoes 

the recent resurgent discussion on agriculture in developing countries (e.g., de Janvry 

and Sadoulet, 2010 for summary arguments with Vietnam as an example; Ravallion, 

2009 for rural China; Dethier and Effenberger, 2012 for a recent literature review), 

especially for the poorest of the poor (Christiaensen et al., 2011). For rural China in 

particular, at the national and provincial levels, the agricultural sector alone contributes 

to 75-80% of the drop in national poverty incidence (Ravallion and Chen, 2007) as 

opposed to little influence from manufacturing and services industries (Montalvo and 

Ravallion, 2010). At the household level, as in the macro-level studies, Christiaensen 

et al. (2013) use the same dataset as ours and also find that local agricultural production 

per se provides the most effective pathway out of poverty in the early stage of 

development. Agricultural labour productivity is the largest of three kinds of labour 

input and suggests the highest elasticity of poverty (-0.53 for Inner Mongolia and -0.73 

for Gansu) compared to local diversification to non-agricultural sectors (-0.07 and -0.16 

for two provinces, respectively) and circular migration (-0.01 and -0.09 for two 

provinces, respectively). 

In addition to labour productivity gains in agriculture, we are particularly 

interested in whether agricultural innovation and modernisation could serve as an 

underlying channel through which agriculture alleviates poverty. This interest is 

                                                
25 The estimates in this and previous sentences are obtained by the following household fixed-effect 
instrumental variable estimation. We regressed the natural logarithm of the real value of the house (the 
squared metres of housing areas constructed by bricks) on the natural logarithm of real household 
incomes from circular migration (the dummy variable taking the value of 1 for migrant households), 
which was instrumented by its average at the village level in each wave, and other covariates including 
the household size measured by the equivalent adults, the dependency ratio, ethnicity, gender, age and 
education of the household head, village and wave dummies, and the household fixed effects.   
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motivated by both the existing literature – for example, that technological changes 

increase simultaneously income and nutrient intake (e.g., Lakdawalla et al., 2005) – as 

well as the nation-wide drive for agricultural modernisation and mechanisation by 2020, 

emphasised by the Chinese government in the 3rd Plenary Session of the 18th CPC 

Congress in December 2013 and put into effect by the Ministry of Agriculture. We use 

several indicators as proxies for agricultural innovation and mechanisation, including 

(1) the share of cultivated land used for planting high quality gains, (2) the shares of 

cultivated land under mechanised cultivation, sowing, irrigation and harvest, 

respectively, (3) the share of cultivated land using plastic mulches, and (4) the share of 

greenhouse areas in households’ total cultivated land. Endogeneity in technological 

adoption are taken into account by re-estimating the entire income and nutrition system 

jointly with correlated error terms within and between multi-dimensions of poverty (i.e., 

the specifications of Columns 2 and 5 of Table 5). Results are, nevertheless, quite mixed, 

hinging on specific technologies. 26  Only mechanised harvest in the initial period 

reduces both intertemporal income and nutritional poverty subsequently, with estimated 

coefficients of 0.164 and 0.331 at 1% significance levels, respectively. There is also 

long-term alleviating impact on nutrition poverty with the estimated coefficient of the 

intertemporal mean value of mechanised harvest being -0.379, significant at the 1% 

level. More initial mechanised cultivation is only an effective means to alleviate 

intertemporal income poverty in the short-term (-0.035 at the 10% significance level). 

By contrast, higher initial degrees of mechanised irrigation only alleviate subsequent 

deprivation of nutrition (-0.199 at the 1% significance level) but raises income poverty 

(0.074, significant at the 5% level), both of which are in the short-term. Both initially 

and intertemporally more mechanised sowing even significantly push up intertemporal 

poverty, in both dimensions, in the subsequent time period. Adoption of high quality 

grain seeds does not affect income deprivation but exhibits a distinct impact in the 

nutritional dimension: a short-term (initial) adoption would increase intertemporal 

nutrition poverty (by 0.131, significant at the 10% level), while the long-term 

(intertemporal) more high quality grain seeds reduce substantially the intertemporal 

nutrition poverty (by -0.27, significant at the 5%  level. Plastic mulches and 

greenhouses seem to be irrelevant to either dimension of intertemporal poverty. 

                                                
26 Full estimation results are available from the authors upon request.  
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The overall sluggish and sometimes diversified short- and long-term responses of 

intertemporal poverty reduction to agricultural technological innovations and 

mechanisation seem to be inconsistent with conventional wisdom, and suggest that the 

government’s pledges of agricultural innovation and mechanisation may be misguided 

in certain circumstances. This result could be driven by the way the policy was 

implemented, according to the authors’ fieldwork in another three-wave panel dataset 

in all “national clustered poor areas” designated by the State Council in five provinces 

from costal to inland China (including the two sample provinces in the present study) 

over the period 2010-2014. For example, seeds and agricultural devices have been 

allocated by the upper-level governments without considering local conditions, 

including affordability, and different options for rural households – they can only accept 

what have been allocated or assigned. Some are useful in the short-term, but it is usually 

the case that households do not use them after three years. Similar short-term utilisation 

behaviour, with the same reasons, has also been found by Liu et al. (2013) in adoption 

of biogas stoves in rural China. Similarly, Hanna et al.’s (2012) randomised control 

trials for clean energy consumption behaviour in rural India demonstrate that 

households with revealed low valuation of stoves were more likely to adopt improved 

cooking stoves, which reduced indoor air pollution and fuel consumption more in the 

first year than in the following four years. 

Other aspects of household well-being also matter. Better off households, in the 

sense of having better living conditions, are not necessarily less prone to intertemporal 

poverty. Having sanitation facilities at home reduces intertemporal income and 

nutrition poverty as a result of its long-term benefit to alleviating deprivation of both 

dimensions (-0.161 and -0.153 for income in Columns 2-3 of Table 5 and -0.17 for 

nutrition in Column 6 of Table 5), but its short-term effect is nutritional poverty-

increasing by 0.073-0.234 (Column 8 of Table 4 and Columns 4-6 of Table 5). We can 

see from Columns 4-6 of Table 5 that access to tap water and installing heating facilities 

also aggravate intertemporal nutritional poverty, mainly through their long-term 

influence, while the short-term impact of the latter limits intertemporal nutritional 

poverty. Although using firewood as the main fuels relates to 0.046-0.051 higher 

subsequent intertemporal income poverty (Columns 1-2 of Table 5), it helps suppress 

nutritional deprivation in the long-term by 0.05 (Column 5 of Table 5). The above 

unfavourable wealth effects on intertemporal nutritional poverty might be explained 

through the detrimental impact of wealth on nutritional intake in China, as reviewed in 
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Section 3, as those living conditions may be indicative of household wealth status.27 

Another channel could be physical activity. Using the CHNS (1991-2006), Ng et al. 

(2009) find that urbanisation, in terms of improved sanitation and housing infrastructure, 

causes physical activity to decline, which, together with dietary changes, is conducive 

to worsened nutritional status (Ng et al., 2011).   

At the village level, the long-term higher average village income is associated 

strongly with lower intertemporal income poverty, but higher nutritional deprivation  

(Columns 4 and 8 of Table 4 and Columns 2-3 and 5-6 of Table 5), which again could 

be on account of the negative income effect on household nutrition. The longer the 

distance to education and health services, the lower the intertemporal income and 

nutritional poverty, either in the short- or long-term or the net of the two effects. We 

suspect that this may be because schools and hospitals at greater distance are of better 

quality, as the Chinese government launched a campaign in rural areas from 2001 which 

dismantled village schools in remote areas and combined them with those in towns or 

counties, in order to provide better quality educational services for rural students.28 

Hospitals in towns and counties are also generally equipped with more qualified doctors 

and better facilities than village clinics.  

In addition, we re-estimated Tables 4 and 5 with more kinds of infrastructures, 

including the proportion of villages in the county with access to electricity, roads and 

TV signals. However, none of them were statistically significant. This is worrying, as 

village-targeted investment projects, and aid which goes mainly to infrastructure, have 

long been a major theme of policy intervention in rural China. At least in the 

intertemporal respect, many village-level infrastructure investments appear not to be an 

effective instrument for alleviating poverty.  

 

4.3. Robustness checks 

We check the robustness of our findings to alternative poverty lines, normative 

assumptions of influence of poor and affluent spells during transitions, and 

                                                
27 The correlation coefficients between household per capita net income and those three variables range 
between 0.15 and 0.32.  
28 It is notable that although nutritional poverty-reducing in the long-term, longer distance to the primary 
school is likely to raise intertemporal nutritional poverty in the short-term, reflected by significantly 
positive estimates of initial distance to primary schools in Columns 6-8 of Table 4 and 4-6 of Table 5. 
This may be ascribable to low quality of school meals and misaligned incentives of school heads to 
supply nutrition-rich and healthy diets in rural China, as cited before in Kleiman-Weiner et al. (2012), 
Luo et al. (2011) and Miller et al. (2012). 
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intertemporal poverty measures. Specifically, we re-estimated simultaneously all 

equations within the system with inter-dependent random errors (i.e., Columns 1-2 and 

4-5 of Table 5) under higher poverty lines of US$2/day and 2,400 kcal for income and 

nutritional dimensions, respectively. Results are reported in Columns (1)-(2) and (5)-

(6) of Table 6. We also replaced linear intensification and mitigation effects 

( 1) with an increased influence of both households’ past poor and past 

affluent experiences ( 2 ; 1). These results are reported in Columns (3)-(4) 

and (7)-(8) of Table 6.29 

[Table 6] 

Many of the aforementioned effects still hold, while some are either reinforced or 

diminished. For example, labour productivity gains in local non-agricultural and 

circular migration become a significant driving force in suppressing not only 

intertemporal income poverty, but also in the nutritional dimension (Columns 5-8 of 

Table 6). More land cultivated by the household in the long-term is also strongly and 

negatively associated with both income and nutritional poverty, and the magnitude 

dominates the short-term poverty-increasing effects stemming from an initially larger 

farm size (Columns 2, 4, 6 and 8 of Table 6). The dependency ratio, in general, loses 

statistical significance, while the magnitude of ethnic distinction becomes more salient 

in both income and nutritional dimensions, with ethnic minorities being less poor 

intertemporally.  

We were also concerned with the impact of the normative assumptions of our 

intertemporal poverty measures, that is, how our findings might differ when 

considering simply incidence of non-poverty (i.e. assigning the same mitigating value 

to all non-poverty spells regardless of the extent of affluence), versus allowing an 

enhanced mitigating effect of non-poor spells which are far above the poverty line. We 

re-estimated Table 5 under “standard” poverty lines of US$1.25/day and 2,100 kcal/day 

for income and nutritional dimensions, respectively, but replaced the dependent 

variables with the constant-relative affluence-dependent intertemporal poverty measure, 

i.e., Eq. (1) with 1. Table 7 reports new estimates. By comparing Columns 

                                                
29 We also checked the sensitivity of results by assigning higher values to δ (i.e., defining “absolute 
affluence” as those in at least the 80th or 85th income or nutrition percentile) while keeping other 
parameters the same as before in Eq. (2). Compared with Table 3, the new multi-dimensional 
intertemporal poverty measures only differ from the 2nd decimal places. As such, re-estimating Table 5 
with these new measures does not yield significant changes in results.  
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(1)-(2) and (4)-(5) between Tables 5 and 7, it can be seen that our previous findings 

hold broadly under the constant-relative measures.  

[Table 7] 

 

4.4. Interlocked poverty and nutritional intertemporal poverty 

In addition to common unobserved factors and shocks affecting jointly household 

income and nutritional intake (i.e., simultaneity), we also consider the possible two-

way effects between the two kinds of poverty (i.e., recursion). It has been well-

established in theory that malnutrition can undermine individuals’ income generating 

capability by deterring human capital accumulation, and that low income can, in turn, 

worsen nutritional status (Dasgupta and Ray, 1986). The two-way effects constitute 

nutritional poverty traps. Empirical evidence has been found in India (Jha et al., 2009), 

but remains scarce for rural China (even taking a static approach to poverty 

measurement, let alone in an intertemporal perspective).  

We revise the system (Eqs. 3-4) with inter-dependent random errors to reflect 

possibly mutually determined income and nutritional poverty. The selection equations 

in the system are replaced by recursive ones, as follows: 

 *
1 1 2 1 3 2 2 1y px x z  (9) 

 *
2 1 2 2 3 1 1 2y px x z  (10) 

As such, the latent variable *
1y , which determines a household’s observed income 

poverty incidence, is affected by its intertemporal nutritional deprivation 2p , and vice 

versa. At the same time, the error terms within the whole system are still jointly 

distributed, . This recursive system can be estimated 

consistently by MSL (Roodman, 2011).  

There appears to be an intertemporally inter-locked vicious circle between 

income and nutrition. Columns (3) and (6) of Table 5 report the estimation results. The 

estimates are broadly the same as in our previous findings. It is noticeable that 2ˆ  in Eq. 

(9) is positive at the 1% significance level, and implies that a unit increase in the 

magnitude of intertemporal nutritional poverty can make households 28.9 percentage 

points more likely to fall below the US$1.25-a-day poverty line in at least one year. 

The probability of falling below the nutritional poverty line of 2,100 kcal per person 

per day is nearly quadrupled (2.935) under an additional unit of intertemporal income 
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poverty, though the effect lacks statistical significance. Intertemporally higher labour 

productivities in agriculture or local non-agricultural production exhibit poverty-

reducing effects in both dimensions (as shown by Columns 3 and 6 of Table 5) even in 

the presence of intertemporal income-nutrition poverty traps, while out-migration only 

suggests short-term income-poverty alleviating effect through households’ higher 

initial labour productivity in out-migration (Column 3 of Table 5).  

This intertemporal relationship between income and nutrition poverty also exists 

under the constant-relative intertemporal poverty measures, as shown in Columns (3) 

and (6) of Table 7. Moreover, the impact of intertemporal nutritional poverty on 

intertemporal income poverty becomes larger (from 28.9 to 42.9 percentage points) as 

the absolute affluence in non-poverty spells mitigates deprivation less under the 

constant-relative intertemporal poverty measure (  in Eq. 1) than under the relative 

measure (  in Eq. 2). Nevertheless, it is worth noting that the short-term 

intertemporal poverty-reducing effect of initial labour productivity gains in out-

migration disappears (Column 3 of Table 5 vs. Column 3 of Table 7), while the initial 

labour productivity gains in local non-agriculture mitigate intertemporal income 

deprivation in all specifications (Columns 1-3 of Table 7). Out-migration realises its 

substantial poverty-reducing effect only in the long-term (-0.178 at the 5% significance 

level in Column 3 of Table 7), and is nearly four times as large as that of the gains in 

agriculture (-0.045 at the 1% significance level in Column 3 of Table 7). This contrasts 

with the insignificant long-term effect of out-migration on the relative measure (Eq. 2) 

in Column 3 of Table 5. This sharp difference reaffirms our previous argument that out-

migration could be a quicker means to lifting income above the poverty line than 

agriculture. However, when taking the extent of affluence as a long-term consequence 

of different livelihood arrangements, the average household net income per adult 

equivalent was 12-16% lower in those having ever engaged in out-migration than in 

those still implementing agricultural production in different waves. As noted above, 

this is possibly due to various risks and uncertainties in urban labour markets.  

 

5. Conclusion 

By exploiting a household panel dataset in poor rural areas in China over the period 

2000-2004, we estimate household intertemporal poverty in both income and 

nutritional dimensions and identify various social and economic factors which appear 

to help shape household intertemporal poverty profiles.  
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 Methodologically, we apply Dutta et al.’s (2013) affluence-dependent 

intertemporal poverty measures and propose a generalised selection system, together 

with an extension that helps to identify multi-dimensional intertemporal poverty traps. 

While the focus in this paper is on just two dimensions, our generalised and recursive 

selection approach can readily be extended to more dimensions. Strictly exogenous 

instrumental variables are not a necessity. The model can yield consistent estimates 

under correlated and jointly distributed disturbances, although weakly exogenous 

instrumental variables for each dimension would help improve identification. Another 

appealing extension of our model is that the dependent variables need not necessarily 

be binary, but could be continuous or categorical variables, to capture deprivations with 

different properties. In this case, one would only need to change the variance-

covariance matrix of the disturbances in accordance with the new dependent variables 

to obtain consistent estimation. 

To the extent that intertemporal poverty is the focus of policy makers our 

evidence suggests that household-focused interventions generally outperform village-

level instruments. In the early stages of development, and when agriculture is a 

dominant element of individuals’ livelihood, improvement in agricultural production, 

both in terms of increased agricultural labour productivity and of larger farm size and 

investment in productive assets, still holds the key to reducing both intertemporal 

income and nutritional poverty. This is true whether focusing on the poorest of the poor, 

or when the richer poor are also included, by adopting higher poverty lines. The finding 

is also robust across different normative assumptions underlying intertemporal poverty 

aggregation over time. Furthermore, when there is evidence suggestive of intertemporal 

poverty-nutrition traps, higher labour productivity in agriculture in the long-term holds 

more potential for breaking the vicious circle, in both income and nutritional 

dimensions, than does local non-agricultural production or out-migration. However, 

long-term labour productivity gains in out-migration dominate agriculture in reducing 

intertemporal income poverty if only incidence, rather than the extent, of affluence prior 

to poverty spells, is embedded in the intertemporal measure.  

Our results suggest that the purported positive roles of local non-agricultural 

production and out-migration in reducing monetary poverty might be overblown, at 

least as an intertemporal phenomenon. They are not magic bullets. Rather, whatever 

effect they have on both income and nutritional dimensions is likely to be highly context 

specific and dependent on other factors.  
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Dissemination of agricultural technologies and better living conditions also help 

reduce intertemporal poverty to some extent, but only in the short-term. Moreover, their 

influence on intertemporal poverty is highly sensitive to which particular dimension of 

deprivation policymakers aim to tackle, and which specific technology or 

mechanisation households adopt. Such instruments need to be implemented with 

caution and awareness of contextual specifics, as our analysis suggests that they can 

have unintended negative consequences, both for household income and nutrition. 
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Tables and Figures 
 

Figure 1 Static poverty statistics 
 

(a) Income poverty rates 

 
(b) Nutrition poverty rates 

 
Notes: The bars represent provincial poverty rates. They are calculated against the US$1.25-a-day 
threshold in income dimension in Figure 1(a) and the 2,100kcal per person per day in nutrition dimension 
in Figure 1(b). The lines represent the average poverty rates across two provinces under different poverty 
thresholds. In particular, the solid lines represent poverty rates based on our preferred poverty thresholds 
– US$1.25/day and 2,100kcal – in estimation.  
Source: Authors’ calculation based on data in this paper. 
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Figure 2 Poverty gap 
 

(a) Income poverty gap 

 
(b) Nutrition poverty gap 

 
Note: The lines represent total poverty gap for two provinces under different poverty lines. The bars 

represent provincial poverty gap which is calculated under the US$1.25-a-day and 2,100 kcal per 
person per day in income and nutrition dimensions, respectively. The sample size for the total 
poverty gap (indicated by lines) is 1,500 in two sample provinces. The sample sizes for Gansu 
and Inner Mongolia (indicated by bars) are 700 and 800 households, respectively.  
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Figure 3 Extent of affluence 

 
Note: The vertical axis measures the average ratio of the household’s observed income (nutrient intake) 

per equivalent adult over different income (nutrition) poverty lines. This figure depicts the total 
relative affluence in these dimensions in our two sample provinces.  

 
 

Figure 4 Distribution of the length of poor spells 

 
Note: The sample size is 1,500 households in our two sample provinces. 
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Figure 5 Distribution of the length of non-poor spells 

 
Note: The sample size is 1,500 households in our two sample provinces. 

 
 

Table 1 Poverty transition matrix 

Poverty at t-1 Poverty at t Total 0 1 
Income: US$ 1.25 
0 88.74 11.26 100 
1 70.37 29.63 100 
Income: US$ 2 
0 75.92 24.08 100 
1 46.96 53.04 100 
Nutrition: 2,100 kcal 
0 50.77 49.23 100 
1 19.35 80.65 100 
Nutrition: 2,400 kcal 
0 37.80 62.20 100 
1 12.65 87.35 100 

Notes: Figures are in percentages. The sample size in each transition matrix is 1,500 households. Zero 
and one denote non-poverty and poverty status, respectively. On average, across two consecutive periods, 
14.23% and 35.68% of the sample were income poor at the US$ 1.25 and US$2 lines, respectively; 70.85% 
and 82.35% were nutrition poor based on the 2,100 kcal and 2,400 kcal lines, respectively. 
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Table 2 Dynamic poverty profile 
No. of 
transitions 

Share in total 
obs. (%) 

No. of poor spells Share in total 
obs. (%) 

No. of non-
poor spells 

Share in total 
obs. (%) 

Income: US$1.25 
1 52.93 0 52.60 0 0.33 
2  18.40 1 39.13 1  72.87 
3 22.27 2 8.00 2  25.87 
4 5.20 3 0.27 3 0.93 
5 1.20 4  4  
Total 100 Total 100 Total 100 
Nutrition: 2,100 kcal 
1 36.73 0  4.00 0 32.73 
2 25.27 1 64.40 1  49.60 
3 26.73 2 30.07 2 17.07 
4  9.13 3  1.53 3 0.60 
5 2.13 4  4  
Total 100 Total 100 Total 100 
Notes: The total sample size is 1,500 households. “ ” means no data. We treat the data as being left-censored. In other words, 
households are considered to experience the first transition into their initial poverty or non-poverty status in the first wave. 
Thus, given that there are 5 waves in our data, the number of transitions ranges from 1 (for those who remained poor or non-
poor in every wave) to 6 (for those who changed poverty status in every wave). Equivalently, the number of poor or non-poor 
spells for the former group (with only one transition prior to the first wave) is zero. Households with one poor (non-poor) spell 
are those who stayed in poverty (non-poverty) throughout the sample period and who experienced two transitions, with one 
transition from non-poverty (poverty) to poverty (non-poverty), and so on. 
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Table 3 Intertemporal poverty profile 

Group 
US$1.25 US$2 2,100 kcal 2,400 kcal 
        

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

Full sample 0.064 0.063 0.223 0.220 0.524 0.521 0.744 0.740 
Geography         
Gansu 0.068 0.067 0.314 0.313 0.322 0.318 0.513 1.658 
Inner Mongolia 0.061 0.058 0.143 0.139 0.701 0.698 0.946 3.291 
Labour allocation         
Agriculture 0.070 0.069 0.243 0.240 0.527 0.513 0.746 0.731 
Local non-agriculture 0.023 0.040 0.120 0.158 0.506 0.544 0.743 0.772 
Circular migration 0.117 0.090 0.221 0.247 0.532 0.510 0.697 0.715 
Ethnicity         
Han 0.120 0.121 0.249 0.251 0.768 0.759 0.942 0.930 
Minorities 0.059 0.058 0.220 0.218 0.503 0.500 0.727 0.724 
              
Full sample 0.119 0.117 0.574 0.572 1.707 1.704 2.538 2.534 
Geography         
Gansu 0.129 0.129 0.876 0.876 0.974 0.970 1.669 1.664 
Inner Mongolia 0.110 0.108 0.309 0.306 2.349 2.346 3.298 3.295 
Labour allocation         
Agriculture 0.132 0.131 0.631 0.627 1.712 1.673 2.532 2.493 
Local non-agriculture 0.038 0.069 0.295 0.399 1.664 1.796 2.591 2.666 
Circular migration 0.207 0.179 0.479 0.602 1.811 1.704 2.397 2.471 
Ethnicity         
Han 0.279 0.283 0.696 0.703 2.451 2.425 3.095 3.057 
Minorities 0.106 0.103 0.564 0.561 1.644 1.641 2.490 2.489 
              
Full sample 0.111 0.110 0.564 0.563 1.701 1.700 2.532 2.529 
Geography         
Gansu 0.124 0.124 0.868 0.868 0.967 0.964 1.661 1.658 
Inner Mongolia 0.100 0.099 0.298 0.296 2.343 2.340 3.293 3.291 
Labour allocation         
Agriculture 0.123 0.123 0.621 0.617 1.706 1.668 2.526 2.488 
Local non-agriculture 0.034 0.064 0.288 0.391 1.657 1.791 2.585 2.662 
Circular migration 0.200 0.170 0.469 0.591 1.806 1.698 2.390 2.465 
Ethnicity         
Han 0.269 0.274 0.686 0.694 2.447 2.420 3.090 3.053 
Minorities 0.098 0.096 0.554 0.551 1.637 1.636 2.484 2.483 
      (Foster, 2009) 
Full sample 0.064  0.137  0.221  0.288  
Geography         
Gansu 0.060  0.168  0.154  0.218  
Inner Mongolia 0.067  0.111  0.279  0.350  
Labour allocation         
Agriculture 0.070  0.148  0.222  0.290  
Local non-agriculture 0.027  0.080  0.213  0.282  
Circular migration 0.096  0.155  0.210  0.272  
Ethnicity         
Han 0.089  0.144  0.325  0.383  
Minorities 0.061  0.137  0.212  0.280  
Note: The sample size for the full sample and each category is 1,500. For the relative-affluent measures (

) in Eq. (2), we set δ=3.2 for income and 1.05 for nutrition. 
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