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Abstract 

 

This thesis conducts empirical analysis on the intergenerational transmission of adiposity, 

using various types of data from various countries; the same intergenerational 

transmission in China and how it varies with the family socioeconomic factors and age 

levels; the way in which health impinges on the decision to migrate in China. In the first 

empirical chapter we find that the intergenerational elasticity of adiposity is relatively 

constant – at 0.2 per parent, and this elasticity is comparable across time and countries. 

Quantile estimates suggest that this intergenerational transmission mechanism is more 

than double for the fattest children as it is for the thinnest children. The second empirical 

chapter examines the intergenerational transmission of adiposity in China: we use BMI 

z-score as another measure of adiposity, the longitudinal structure of CHNS data (1993-

2009) allows us to control for individual fixed effects or family fixed effects and focus 

on changes in BMI z-score over the life cycle. We report patterns of the intergenerational 

relationship of BMI z-score varying by family socio-economic factors and the age of the 

child, the magnitude of this relationship reaches the peak over the stage between 

childhood and later adolescence. In the third empirical chapter, which also uses the CHNS 

data, we examine whether migrants are healthier than those who do not migrate in the 

places of origin in the context of internal migration in China. Based on the relative wage 

rates, costs of migration and the assumption of optimization, we set up a theoretical model 

and estimate the effects of health on the migration probability, we find that people self-

evaluating as having “good” or “excellent” health are more likely to migrate, this health 

effects vary with the type of occupation, we also find evidence on the indirect health 

effects which operates through the education attainment.  
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Introduction 

 

      This thesis conducts empirical analysis on the intergenerational transmission of 

adiposity using data from the UK, USA, China, Indonesia, Spain and Mexico, how this 

transmission evolves with age and relate to family socioeconomic factors in China. The 

Health selectivity of migrants in China is also investigated.   

      With the dramatic socio-cultural and environmental changes which are reshaping 

human behaviour and their bodies, the rising obesity has become a social phenomenon 

and a public health problem. According to the media centre of WHO, worldwide obesity 

has nearly doubled since 1980, particularly among the children. In developed countries, 

23.8% of boys and 22.6% of girls were overweight or obese in 2013; in developing 

countries, this number is around 8.1% to 12.9% in 2013 for boys and from 8.4% to 13.4% 

for girls (Ng et al. 2014). Studies show that the parental obesity, particularly maternal 

obesity, has a direct impact on the developmental programming of obesity and metabolic 

disorders in their children, children from obese mothers are more likely to develop obesity 

in their lifetime (Battista et al. 2011). Therefore, it is important to study obesity from the 

intergenerational perspective.  

      This transmission of adiposity relates to the intergenerational aspect of social mobility 

more generally. Social mobility includes intergenerational and intragenerational aspects. 

The intergenerational mobility is more common, it indicates the relationship between 

children’s socioeconomic position relative in children’s generation and parents’ position 

relative in parents’ generation, and is usually measured by “intergenerational income 

elasticity”. The lower the elasticity, the more mobile is the society. Early child health and 

education play a key role in this intergenerational mobility. Parental socioeconomic 

factors (childhood environment) affect child health and then their cognitive or non-

cognitive skills to move up on the socioeconomic ladder, this upward mobility also 

contributes to better adult health (Nyström Peck 1992). In addition, parental health is 

transmitted to child health, child health affects child’s cognitive or education outcomes 

(von Hinke Kessler Scholder et al. 2012), and then affects adult earnings or other labour 

market outcomes (such as occupational attainments (Morris 2006)). Therefore, there is 
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also an intergenerational mechanism through which health affects social mobility, by 

affecting income or education (Manor, Matthews, and Power 2003).    

       To date intergenerational studies mostly focus on income or education, a comparison 

of these studies reveals a substantial variation in this intergenerational relationship across 

countries (Pekkarinen et al. 2009, Björklund et al. 2012). In terms of health, the literature 

is relatively small though growing. Predominantly intergenerational health study papers 

are largely published in medical or epidemiological journals. They use a wide variety of 

different health measures. Most of these studies are conducted by incorporating parental 

health outcomes into the estimation where the dependent variable is child’s health 

(Ahlburg 1998); few papers have claimed a causal link, due to the difficulty to account 

for unobserved “environmental” factors, which might influence health outcomes of both 

parents and children. Using data from different countries and of different types, we 

estimate the intergenerational elasticity of adiposity measured by BMI. Compared with 

income or education, adiposity is the product of a process of which a larger fraction might 

be driven biologically; therefore, the study of the intergenerational transmission of 

adiposity helps one to understand the underlying process of intergenerational mechanism. 

In addition, since health affects cognitive or education outcomes (Cesur and Kelly 2010) 

or labour market outcomes (such as occupation attainments (Morris 2006), the 

intergenerational transmission of health might interact with the intergenerational 

transmission of education or income (Case, Fertig, and Paxson 2005), and then influence 

the social mobility.   

       China, with the transition in economy, has been undergoing a transition in lifestyle 

which can be characterised as a falling physical activity and a shift towards energy-dense 

dietary. As a result, China has changed from one of the leanest populations to a nation 

with over one fifth of all one billion people in the world (Wu 2006). Studies show that 

among the adults aged from 18 to 75 years, the proportion of overweight has surged from 

14.6% in 1992 to 45.38% in 2011, and the obesity has nearly tripled from 5.2% in 1992 

to 15.06% in 2011 (Huynh, Kreinovich, and Sriboonchitta 2014). This trend is rising 

among children, 23% of Chinese boys under age 20 are overweight or obese, while the 

comparable figure for girls is 14%. A substantial literature shows parental education 

(particularly mother’s education) (Breierova and Duflo 2004) and parental income are 

closely correlated with the child health, child health (especially poor health in childhood) 

might be an important mechanism for intergenerational transmission of economic status 
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(Grossman 2000), since parental income affects child health, and child health affects 

future income (Currie and Moretti 2005). Therefore, to obtain a better understanding of 

the intergenerational mechanism underlying social mobility, it is helpful to investigate 

the intergenerational correlations in health, and how they vary with family socioeconomic 

factors (family “environmental” factors), such as father’s occupation and mother’s 

education.  

       Migration, as a form of geographic mobility, interacts with the social mobility. 

People usually migrate for higher income in the destination areas, for higher-income 

occupations or education opportunities which might be associated with higher incomes, 

though this might not be achieved until the next generation, therefore, migration is often 

associated with upward social mobility; on the other hand, studies show occupations at 

the higher social class are often associated with higher rate of geographic mobility. 

(Fielding 2007). Internal migration in China might be one of the most extensive in the 

world, there are over 170 million rural-urban migration from 1979 to 2009 (Chan 2013). 

One of the significant issues within the migration literature is the selectivity of migrants; 

it is suggested that migrants are often drawn from the intermediate and higher levels of 

the skill distribution in the sending communities, people of higher education, better 

economic status and better health are generally more likely to move. Since self-selective 

movement contributes to the upward social mobility, examining how the health selectivity 

of migrants actually applies in the internal migration of China has important implications 

for an understanding of social mobility in China.  

 

Figure 1.1: Social mobility as the link between intergenerational BMI transmission 

and migration 
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       This thesis is organized into five chapters---introduction, three empirical analysis and 

conclusions. The next chapter investigates how adiposity (measured by BMI) is 

transmitted across generations, based on data from six countries, covering both developed 

(US, UK, Spain) and developing countries (China, Indonesia and Mexico). Motivated by 

the prior studies on intergenerational persistence in obesity, we also investigate how the 

intergenerational elasticity of BMI varies across the distribution of children’s BMI. Using 

the Body Mass Index (BMI) as a measure of adiposity, we find that the elasticity of 

intergenerational transmission is relatively constant – at 0.2 per parent, and is comparable 

across time and countries - even if these countries are at different stages of economic 

development. Additionally, we find this intergenerational transmission mechanism is 

substantively different across the distribution of children’s BMI, it is more than double 

for the fattest children what it is for the thinnest children.   

        Chapter 2 provides a broad picture on this intergenerational BMI transmission in 

different countries. In Chapter 3, using BMI z-score from the WHO software as another 

measure of adiposity, we estimate the intergenerational transmission of adiposity in China. 

In addition to the analysis in Chapter 3, the rich information on socioeconomic indicators 

in China Health and Nutrition Survey (CHNS) allows us to include a variety of covariates 

in the estimation, and to explore the variability of this transmission with respect to 

different socioeconomic indicators. Moreover, the longitudinal structure of CHNS allows 

us to identify the short term environmental effects of BMI by applying individual and 

household fixed effects. We find that this intergenerational transmission of BMI z-score 

to be around 0.20 per parent, one standard deviation increase in one parent’s BMI z-score 

is associated with an increase of 0.20 in child’s BMI z-score. This falls to around 0.14 

when we control for individual fixed effects or family fixed effects and focus on changes 

in BMI z-score over the life cycle. Additionally, we find that this intergenerational 

correlation of BMI z-score does not vary substantially with family SES indicators; it tends 

to be higher among children of higher BMI levels. With respect to age of child, the 

magnitude of this correlation reaches the maximum over the stage between the childhood 

and the later adolescence. 

        Chapter 4 uses the CHNS data (1993-2009) to examine the “healthy migrant 

hypothesis” in the context of internal migration in China. The “healthy migrant 

hypothesis” posits that migrants tend to have better health than those who do not migrate 

in the places of origin. Based loosely on Jasso et al.(2004)’s model of health selectivity, 
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we set up a model in the same way as Borjas (1987)’s model of self-selection; the health 

effects derived from this selectivity model suggest that the health effects vary with 

occupation or education, therefore this model allows us to derive an interaction between 

health and proxies for occupation or education. Based on a sample of people aged 16 to 

35 years, we apply a probit model and find that the evidence on positive health selection 

exists, but is not strong. This might be due to the substantial heterogeneity across 

households and circumstances and the rather small sample we have to deal with, or the 

weakness of the measures we have to use. We test the hypothesis on interactions derived 

from our model, and find that the health effects tend to be larger for the lower skilled 

workers, which is consistent with what the model predicts. We also test the hypothesis on 

the indirect effects by which we mean the effects of earlier health on education attainment, 

we find self-evaluating as having “fair”, “good” or “excellent” health between age 13 and 

16 years has a positive effect on the highest education degree they obtained after they 

were 16 years old. In addition, exploiting the longitudinal structure of the CHNS data, we 

do not find evidence on the effects of lagged health and the effects of improvement in 

health on migration. Furthermore, we also estimate the main equation using a health index 

which is created by collapsing various variables into a simple measure, we find the 

estimates for health effects are sensitive to the type of variables and the weights assigned 

to variables in the index, and that the estimates appear more significant when the index is 

based on more health variables and gives more weights to the self-rated, as opposed to 

“objective” measures of health. To sum up, these results provide positive but relatively 

weak evidence on health selectivity of migrants, although one needs to remember that 

there is a large heterogeneity in this rather small sample.
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Chapter 2: The Intergenerational Transmission of BMI across 

Countries 

 

2.1 Introduction 

 

      There is a worldwide epidemic of obesity. We are just beginning to understand its 

consequences for child obesity - which has become one of the foremost public health 

problems in most countries. This chapter addresses one important component of the crisis 

– namely the extent to which obesity – or more generally – adiposity - is passed down 

from one generation to the next.  

       We examine the extent to which the BMI of the children is inherited from the BMI 

of their parents.  We use data on the heights and weights of approximately 100,000 

children and their parents, measured by health care professionals from across six 

countries1: the UK, USA, China, Indonesia, Spain and Mexico. Our analysis applies to all 

ages of children up to 18 years and in all countries, from the most to the least developed, 

and with the most (USA) to least (Indonesia) obese population. Using the BMI as a 

measure of adiposity, we find that the elasticity of intergenerational transmission of BMI 

is constant – at 0.2 per parent and the effect is additive separable per parent. 

      In 2013, the US spent 190 billion dollars on obesity-related health expenses. The US 

is not alone in experiencing this epidemic. Countries like Mexico, the UK and other 

European countries are all alarmed by the rising obesity prevalence (Popkin and Penny, 

2004). It is also the case that many developing countries are seeing huge rises in the 

fraction of children who are becoming obese-in literally one generation. Countries like 

China and Indonesia are our relevant comparators. We are beginning to understand the 

causes and consequences of childhood obesity. This paper addresses the intergenerational 

dimension of this crisis by examining how adiposity is passed down from one generation 

to the next and compare it to other intergenerational processes.  

                                                             
1 We thank Oscar Marcenaro-Gutierrez, Alma Sobrevilla and Qisha Quarina for their research assistance 

on the Spanish (ENS-2006), British (BCS1970 cohorts), Mexican (ENCELURB) and Indonesian (IFLS) 

data respectively. 
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       Hence, the underlying question is: what is the driving force behind rising childhood 

obesity?  Adiposity - or fatness - is a result of both genetic inheritance and decisions made 

in families – loosely termed the ‘family environment’. Most clearly, the family decisions 

relating to what to eat, how much to eat, how much exercise to take, how to spend family 

time, and other key lifestyle choices will all have a bearing on the outcomes of individuals 

in the family. However, to what extent is the individual’s adiposity as reflected in their 

BMI ‘not directly their responsibility’ in the sense that their body shape, weight and 

height – and hence their BMI - is passed down to them through their parents?  This is our 

central concern in this chapter. 

      The second focus is to pose the question of whether the process of intergenerational 

transmission of adiposity is the same across countries – irrespective of their stage of 

development, degree of industrialisation, or type of economy.  The motivation here is to 

understand the extent to which the process driving intergenerational transmission is 

related to the type of economy and society under consideration. To this end we sought to 

examine data from literally all the countries we could retrieve a reasonable sample with 

the appropriate information. This is a considerable undertaking as there are not many 

datasets in the world where we have - both children’s and parents heights and weights, 

preferably on more than one occasion, which are mostly medically measured rather than 

self-reported2. We were able to obtain data from diverse countries – from those with the 

most obese population – USA – to some of the least obese countries in the world – China 

and Indonesia. 

      The third line of investigation is to explore the extent to which the intergenerational 

relationship of BMI is potentially different at different points in the distribution of child’s 

BMI.  In other words, to what extent is the intergenerational mechanism the same for fat 

children and thin children? One could easily hypothesise that the relationship could be 

different at different points in the distribution.  Specifically, for the fatter children, the 

fact they are being fatter is more to do with that their parents are fat or the decisions they 

                                                             
2 The height  and weight in British Cohort Study 1970 are self-reported when the respondents are aged 26 

years old; there are both self-reported and medically-measured height and weight in Health Survey for 

England; In the Spanish National Health Survey (ENS-2006), adults answer the adult health questionnaire, 

and members under 16 answer the child health questionnaire. 
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make by their own as they grow up. Our research findings show this intergenerational 

correlation varies by child’s BMI. Consistently, across all populations studied, we find it 

to be lowest for the thinnest children and highest for the fattest. The IBE for the former 

is 0.1 per parent and for the latter, 0.3 per parent.  

      To understand the process of obesity, it is crucial to understand the intergenerational 

transmission mechanism behind it. Evidence (Maes, Neale, and Eaves 1997) suggest that 

adiposity is affected by both environmental and genetic factors. Clearly, the 

intergenerational transmission mechanism here operates through both these two channels. 

So it is transmitted through family environmental factors, which directly relates to the 

intra-household mechanism (how the resources are allocated within the family), and it is 

also affected by genetic factors through a direct channel. By applying fixed effects model, 

we attempt to provide some evidence on the effects of short term environmental factors, 

assuming genetic factors and long term environmental factors are constant over time.  

       To provide some basic perspective of the underlying relationship between parents 

and child’s BMI – we first present some non-parametric graphs of the aggregate data, 

using a kernel plot based on the raw data. Figure 2.1 below is the local weighted scatter 

smoothing of the log of father’s BMI variable against the log of their child’s BMI variable; 

similarly, Figure 2.2 presents the local weighted scatter smoothing of the log of mother’s 

BMI variable against the log of their child’s BMI variable. In the Mexico data, only pairs 

of mother-child are available, therefore, the lowess plot for father-child is not presented 

for Mexico in Figure 2.1. The slopes capture the magnitude of the intergenerational 

elasticity. They suggest that the slopes have a fairly constant gradient and are nearly 

parallel across countries. This finding shows that the underlying gradient of the 

relationship between adiposity across generations is fundamentally constant and that the 

stage of development of the country only shifts up the intercept with the least developed 

country having the lowest intercept and the most developed country the highest intercept.   
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Figure 2.1: Lowess Plot of Log (father's BMI) and Log (child's BMI) 

 

 

Figure 2.2: Lowess Plot of Log (mother's BMI) and Log (child's BMI) 
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      There are several features in these two figures. Naturally, the western countries, 

whose populations typically have fatter body types are above the less developed countries 

whose populations have thinner frames.  The other thing we would expect is that some of 

the country profiles start much further along the x-axis than others – for example, 

Indonesia and China – simply because there are relatively few fat children in these 

countries. But the most important thing to notice is our central finding in this research – 

namely that the lines for each country are, for the most part, parallel.  This suggests that 

the elasticity – here the slope of the line in log-log space - is essentially a similar number 

in each country.  In simple terms, this research presents, the substantive – hitherto 

unreported finding - that the proportionate increase in a child’s BMI which is associated 

with their parent’s BMI, is approximately constant – at around 0.2 across countries and 

populations which are substantively different in epidemiological terms.  This suggests 

that a unit increase in an adult’s BMI will have 20% effect on their child at the mean, and 

this impact is nearly doubled when we consider the effect of both parents assuming they 

are additive (we will discuss this later). 

 

2.2 Literature Review 

 

     Intergenerational studies originate with Francis Galton (1869). By running a 

regression of the offspring’s height on their parents’ height, Francis Galton (1869) argued 

that an individual’s characteristics are correlated with those of their parents and at the 

same time “regress to mediocrity”. More specifically, the individual characteristics (such 

as height and weight) are closer to the population mean than those of their parents. This 

finding was the basis of Becker-Tomas model (1986) of intergenerational human capital 

transmission (Goldberger 1989, Han and Mulligan 2001, Mulligan 1999).  

      Most of the intergenerational studies concern the transmission of income or education 

outcomes. The focus in this strand of research relates to the equality of individual 

opportunity over time, which exerts profound influences on the social mobility. The 

strength of the income transmission is usually measured by the elasticity of children’s 

income with respect to their parents’ income (i.e. the intergenerational elasticity of 

income, hereafter called IIE).  The larger is the IIE the more it means that the children’s 

relative position on the “income ladder” is determined by their parents’ income position. 
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Naturally, we would be concerned if this elasticity of the transmission mechanism was 

(too) large, it would imply that both equity and efficiency of the society would be 

undermined. 

      In terms of the discrepancy in IIE across countries, partly due to the restriction of data 

which covers multiple generations, most of these studies are conducted in the US or 

European countries.  In the US, the consensus on the estimated IIE is “ 0.4 or a bit higher” 

(for instance, 0.473 using PSID by Grawe (2004), 0.542 using NLSY sample born in 

1957-64 by Bratsberg et al. (2007), this is higher than Canada (0.2 using register data 

(Corak et al. 1999),  0.152 using IID Canadian Intergenerational Income Data and 0.381 

using PSID Panel Study of Income Dynamics data (Grawe 2004))  and most of the 

European countries except for Britain (0.45 using NCDS 1958 cohort (Bratsberg et al. 

2007)) and Italy (0.48 using Italian data from the Survey on Household Income and 

Wealth (SHIW) (Piraino 2007)). The IIE estimates in Nordic countries and Scandinavian 

societies are often the lowest, ranging from 0.2 to 0.3 (Pekkarinen et al. 2009, Björklund 

et al. 2012). In contrast, the IIE in China is perhaps at the top of the list with 0.63: i.e. a 

Chinese father’s income 10 percent above the paternal cohort mean will be associated 

with his son having an income 6.3 percent above the filial cohort mean (Gong 2012). 

Using the Urban Household Education and Employment Survey (UHEES) and the Urban 

Household Income and Expenditure Survey in 1987-2004 (UHIFS), Gong et al. (2012) 

show the IIE in China is 0.63 for father-son, 0.97 for father-daughter, 0.36 for mother-

son, and 0.64 for mother-daughter. Education is one of the most crucial channels through 

which earnings ability is transmitted across generations, however, other factors such as 

genes and health are also potentially important pathways of intergenerational income 

transmission. 

       The intergenerational transmission of education achievement can be thought of in the 

following, where the child’s education achievement is measured by their human capital 

𝐻𝑐 = 𝐹(Yc,Hp,Ac), the mechanism operates through three main channels: First, parental 

income, higher educated parents tend to have more income, so they have more resources 

to invest in child’s education (Yc,); second, parental education (𝐻𝑝), since higher-educated 

parents may invest in child’s education in a more efficient way; third, in addition to the 

two indirect channels above, parental education may affect child’s education through a 

direct channel, which is usually proxied by the genetic inheritance of ability ( Ac ). 



12 

 

 

Empirically, the first channel can be decomposed into the effects of current parental 

income and the effects of permanent parental income, of which the latter normally plays 

the dominant role and might be measured by family fixed effects (Heckman and Carneiro 

2003). The third channel is normally identified by comparing children of twin pairs 

(Behrman and Rosenzweig 2002) or between biological and adopted children with 

variation in education (Björklund et al. 2006), the general conclusion is that the 

intergenerational correlation in education cannot be fully attributed to the genetic factors. 

The intergenerational education elasticity (hereafter called IEE) varies from 0.14~0.45 in 

the USA (Mulligan 1999) to 0.25~0.4 in the UK (Dearden et al. 1997). Some studies 

examine the intergenerational elasticity of IQ, which is considered as a measure of the 

intergenerational relationship in the third channel, the estimates range from 0.3 to 0.5 

(Solon, 2004, Anger and Heineck 2010, Van Leeuwen et al. 2008).   

      There is also a growing literature on the intergenerational correlation in various health 

outcomes, such as birth weight (Currie and Moretti 2005), self-rated health (Coneus and 

Spiess 2012, Thompson 2012), longevity (Trannoy et al. 2010) and smoking behaviour 

(Loureiro et al. 2006). These studies mostly find strong positive correlations across 

generations. In terms of adiposity and the related measures, a large proportion of the 

studies are published on the medical, biological or epidemiological journals, they mostly 

show parental health outcomes are strongly correlated with children’s. For instance, using 

data in the US, Canada (national sample), Quebec and Norway, Bouchard (1994) reports 

the parental-child correlations of  BMI are 0.23, 0.20, 0.23 and 0.20, respectively. Using 

data from the National Longitudinal Survey of Youth 1979 (NLSY 1979) and the Young 

Adults of the NLSY79, Classen (2010) estimates the intergenerational transmission of 

BMI between children and their mother when both generations are between the age of 16 

and 24, he runs the regression which includes only mother and finds the intergenerational 

correlation is significant and around 0.35. Applying a similar strategy where parents and 

children are matched at a similar life stage, Brown and Roberts (2013) use data on 

mothers and their adolescent children aged 11 to 15 years from the British Household 

Panel Survey (2004 and 2006), they find the overall intergenerational correlation of BMI 

is 0.25. In the context of developing countries, using the China Health and Nutrition 

longitudinal Survey (CHNS) (1989-2009), Eriksson, Pan, and Qin (2014) estimate the 

intergenerational transmission of health status, using height z-score and weight z-score 

as the health measure. They find a strong correlation between parents’ health and their 
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children’s health after accounting for various parental socioeconomic factors (education 

and type of occupation), household characteristics (whether the household has a flush 

toilet) and the health-care factors (the distance to the nearest health centre in the 

community). To correct for the unobserved heterogeneity, they use the age and gender 

adjusted average parents’ BMI in parents’ province as the instrument for parental BMI 

variable. Additionally, using the decomposition analysis, they find the urban-rural 

differential in parental health explains 15-27% of urban-rural disparity in child’s health, 

in addition to the urban-rural differential in parental education and income, which plays 

a major role. This relates to the transmission mechanism, which is usually considered as 

operating through two main channels: genetic and environmental. The environmental 

channels are exploited more often than the genetic channel. Studies usually include a 

range of parental socioeconomic factors in the estimation, arguably this controls for part 

of the family “environmental” factors. Based on data from the German Socio-Economic 

Panel (SOEP), Coneus and Spiess (2008) estimate the intergenerational relationship of 

both father and mother and children. In addition to the pooled OLS estimation, they apply 

fixed effects estimation and find that father’s BMI has a significantly positive effect on 

child’s BMI (with a coefficient of 0.57, the estimates of mother’s BMI effects are not 

significant), while mother’s obesity is strongly associated with child’s obesity with a 

coefficient of 0.26. They claim their fixed effects estimates provide a more causal 

estimate for the intergenerational “transmission” rather than a “relationship”, since fixed 

effects estimation allows them to differentiate out the time-invariant unobserved 

heterogeneity. However, we argue the fixed effects estimates mainly capture the effects 

of rather short term environmental factors, and therefore shield some lights on the 

underlying transmission mechanism. In addition, in the German Socio-Economic Panel 

(SOEP), child’s health outcomes are provided by mother rather than medical 

professionals, and father and mother’s health are self-reported, this might lead to a bias 

in the estimates due to the measurement error. As Black and Devereux (2003) review, 

among the studies on intergenerational transmission of health, few have claimed a causal 

transmission, partly due to the unobserved behaviour or environmental factors, which 

affect the health outcome of both parents and children.  

      In addition to “regression to the mean” in the inheritability of BMI, the degree of this 

inheritability (intergenerational elasticity of BMI, hereafter called IBE) may vary across 

child’s BMI distribution and this variation usually relates to the family’s socioeconomic 
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status in the society. In the study mentioned earlier, Classen (2010) also estimates the 

intergenerational BMI relationship across the distribution of child’s BMI by applying 

quantile estimation, the results indicate that the intergenerational BMI relationship tends 

to be stronger among children with higher levels of BMI. Based on the general 

population-based Northern Finland Birth Cohort 1986, Jääskeläinen et al. (2011) find that 

children whose both parents were overweight or obese before pregnancy and after a 16-

year follow-up had a high risk of overweight. This relative stronger intergenerational 

transmission of high levels of BMI is often found in developed countries and among 

families of lower social class or lower socioeconomic levels (Laitinen et al. 2001). One 

potential explanation is that in these countries where fast food industry is more developed 

and “unhealthy” food are generally cheaper than “healthy” food, lower income families 

might consume more “unhealthy” food which is viewed as one important contributory 

cause of obesity. 

 

2.3 An Empirical Model of Intergenerational BMI Transmission 

 

       In this section, we outline an empirical model on intergenerational transmission of 

BMI. This model is directly analogous to Becker’s model on intergenerational 

transmission of income. In Becker’s model, parents allocate their income between the 

child’s health, and their own consumption, to optimize their utility. In our model, the 

outcome of interest is a child’s health (measured by BMI) which can be invested by 

parents sacrificing their own consumption. Hence here, Y denotes the child’s health as the 

intergenerational outcome we are interested in. The child’s health is a function of parent’s 

income and resources, 𝑋, and a genetic endowment, E, which is determined exogenously 

at birth by the passing on of parental DNA. Since children cannot choose their parents 

and the genetic traits they inherit from them, then this endowment factor is reasonably 

taken as exogenous. Assume 𝑌 is determined by: 

 

𝑌 = 𝛷𝑋𝛾𝐸𝛿                                                                                                                     (2.1)                      

 

where 𝐸 is decomposed into genetic factors, 𝑒, and environmental factors, 𝑢 .   

 

file:///C:/Users/mimixiao/Desktop/27Dec/Draft%201Jan2013.docx%23_ENREF_17
file:///C:/Users/mimixiao/Desktop/27Dec/Draft%201Jan2013.docx%23_ENREF_25
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𝐸 = 𝑒 + 𝑢                                                                                                                       (2.2) 

   

From this point on, we will use lower case letters to denote observable variables which 

we obtain data on or can proxy for. Let subscript 𝑝 index the parent and 𝑖 index the child, 

substituting (2.2) into equation (2.1) and taking logs, we obtain 

 

  𝑙𝑜𝑔𝑦𝑖 = log Φ + 𝛾𝑙𝑜𝑔𝑥𝑝 + 𝛿log [𝑒𝑖 + 𝑢𝑖]                                                                      (2.3)      

 

In the empirical work, we assume that mothers and fathers’ BMI measures (respectively 

𝑦𝑚𝑖  and 𝑦𝑓𝑖 )  are sufficient statistics for their health and the environmental factors are 

individual specific and captured by the term 𝑓𝑖, so we estimate the following equation 

(2.4) in a cross-section framework.         

 

log(𝑦𝑖) = 𝛿 + 𝛼 log(𝑦𝑓𝑖) + 𝛽 log(𝑦𝑚𝑖) + 𝛾𝑙𝑜𝑔𝑥𝑝 + 𝑓𝑖 + 휀𝑖                                              (2.4) 

 

where 𝑖  indexes individual child observations, 휀𝑖  captures the transformed stochastic 

error term. Equation (2.4) shows that child’s health outcome 𝑦𝑖 is a function of child 𝑖’s 

father’s health outcome, 𝑦𝑓𝑖, and mother’s health outcome, 𝑦𝑚𝑖,  𝑥𝑝  denotes the age 

variables of father and mother, and 𝑓𝑖 captures child 𝑖’s age, gender and the interaction 

between them. Equation (2.4) is the classic equation in intergenerational studies, which 

is derived from the model of “regression to the mean” (due to Becker but strictly speaking 

it dates back to Galton). It is noteworthy the intergenerational elasticity here estimates the 

correlation between parents and child’s BMI, rather than a causal relationship. We 

recognize the possibility that as children grow up, they could influence parents’ BMI3. 

However, we cannot control for the reverse causality in this study.  

       The empirical estimation will be conducted in several stages. First, we estimate the 

IBE at the aggregate and cross country level. The single parent version (father-child and 

mother-child) and the both parents version (father-mother-child) of equation (2.4) are 

then estimated using all the individual-wave observations. Second, applying both parents 

                                                             
3 For instance, if children are predisposed to do more exercise, this might increase the amount of excises   

parents take. 
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version (father-mother-child) version of equation (2.4), we estimate the IBE across 

different quantiles of child’s BMI.  

 

2.4 Data and Measurement Issues 

    

       We use data from six countries: China Health and Nutrition Survey (CHNS) data, 

Indonesian Family Life Survey (IFLS) data, British 1970 Cohort Studies (BCS1970), 

Health Survey for England (HSE) data, National Health and Nutrition Examination 

Survey (NHNAES) data, the Spanish National Health Survey (ENS-2006) and the Survey 

for the Evaluation of Urban Households (ENCELURB) data in Mexico4. The heights and 

weights are mostly medically measured in these data 5 . Compared to self-reported 

measures, which are widely used in the literature, these medically measured data may 

help to reduce the bias of our estimates due to measurement error. Our sample includes 

children aged under five years old6. For children aged under five years old, their BMI is 

likely to be related to their birth weight.  Therefore, we restricted the sample to those aged 

above five and estimate the both-parents version of equation (2.4), the results are 

presented in Table A 2.2, they suggest that the estimates for intergenerational correlation 

appear larger than those based on the full sample (Table 2.8). This might be due to a larger 

fraction of  “environmental factors” shared between parents and children when children 

are aged above five than for those aged under five, since children aged under five might 

have a different dietary pattern from their parents7. In addition, children aged 16 and 

above might have already left the household and the decision to leave may be related to 

health/BMI. Therefore, we restrict the sample to those aged between 5 and 16, and 

estimate the both-parents version of equation (2.4), the estimates are presented in Table 

A2.3, they are close to those based on children aged above five (Table A2.2), this is 

reassuring since it suggests that our estimates are not biased significantly by the factor 

that older children might have left the family. 

                                                             
4 See Appendix for a detailed description of these data.  
5 Except for the BCS 1970 Cohort Studies and the Spanish National Health Survey (ENS-2006).  
6 The descriptive statistics of children’s age are reported in Table A 2.1.  
7 This can be clearly seen in Table 3.9 and Figure 3.7 of Chapter 3, where we analyse the 

intergenerational BMI correlation by age group. 
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      The most widely used measure of body fat, or adiposity, is the Body Mass Index (BMI) 

which is calculated using the following formula  BMI = [
weight(kg)

height2(cm)
] ∗ 10,000 . As 

mentioned in the literature review, the majority of intergenerational studies use elasticity 

(eg. IIE and IEE) as a measure of the intergenerational relationship. To facilitate the 

comparison of our results on anthropometric data with other intergenerational results, we 

also use elasticity as the measure of the intergenerational relationship. 

       A problem we face is exactly how we correlate a child’s BMI with their parent’s BMI. 

A child’s BMI is a function of their age and gender – so a simple correlation of child’s 

BMI against parents BMI would not allow for this factor.  One way to examine the 

intergenerational transmission is to wait until the child is an adult and then correlate the 

two BMIs.  This is what Classen (2010) did. There are two problems with this – firstly 

there is very little data relating to when the child’s height and weight are observed when 

they are an adults – as well as having their parents height and weight at the same time. 

Based on the children aged between 16 and 18 years old, we estimate the intergenerational 

BMI correlation and report the results in Table A2.8, they suggest the estimates for this 

correlation appear slightly larger than the estimates based on the full sample8.The other 

problem with this is that we are mainly concerned with childhood obesity and so waiting 

until they are adults does not help us.   

      To address the potential age bias due to that child’s BMI significantly varies with their 

age, we include child’s age, age square and the interaction term of child’s age with their 

gender as controlling regressors in our estimation on the assumption that in doing so we 

would have conditioned out for the non-linear effect of age on gender9. We also take a 

more flexible approach by including child’s age dummies and their interactions with child 

gender, the results are reported in Table A 2.6, they suggest that the estimates are similar 

as those from the specification we adopt in this study. We use this method as a robustness 

check on our findings, but it does not differ much in the findings, we will therefore use 

the first method in each of our country datasets. We report the second method in an 

Appendix available on request for those interested. 

                                                             
8 Another approach to obtain this correlation of “long-term” BMI might be to use the average of the 

observations in the data as the “long-term” BMI, but in that case we will lose a large number of 

observations. 
9 The weakness of this method is that we have to assume that we can net out for the whole non-linear 

process of the child’s BMI rising as they age. 
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      In the course of doing this research we had considered if there was an alternative way 

of retrieving the IBE. We contemplated using the WHO to generate z scores or percentiles 

and using these logged metrics.  Naturally, the estimation of the BMI elasticity is sensitive 

to any possible transformation of its scale. – i.e., to z scores or percentiles. So keeping 

the analysis simple has many virtues. It turns out that estimating the model in the log of 

BMI or the BMI itself does not make much difference – the elasticity is slightly smaller 

when estimated without logging. But since taking logs allows for general non-linearity in 

the data and has the nice property that it preserves the constant elasticity across the range 

of BMI values then we adopt it here10. 

       Before estimation, we plot the kernel density of child’s BMI, father’s BMI, mother’s 

BMI across countries in Figure 2.3, Figure 2.4 and Figure 2.5, respectively. They show 

that in both generations, the distribution of BMI tend to shift rightwards as the 

development level of these countries increase, with Indonesian cohorts being the leanest 

and the UK cohorts (children in British 1970 cohorts and father in the Health Survey for 

England) being the most obese11. This is as expected as the nutrition status of population 

varies with the development of the nation (Floud et al 2011). In addition, we see the 

distribution of child’s BMI is more concentrated than the distribution of father and 

mother’s BMI, this is consistent with the rise of obesity prevalence in Mexico during the 

survey period (S. Leeder, et al. 2006). 

 

 

 

 

 

 

 

                                                             
10 We naturally relax this assumption in Section 2.6.3 when we consider the quantile regression allowing 

the elasticity to vary across the range of the child’s BMI. 
11 Figure 2.5 suggests that Mexico has the largest fraction of obese mother, this is consistent with the rise 

of obesity prevalence in Mexico during the survey period (S. Leeder, et al. 2006). 
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Figure 2.3: The kernel density of child's BMI  

  

 

Figure 2.4: The kernel density of father's BMI 
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Figure 2.5: The kernel density of mother's BMI 

 

 

2.5 Transition Matrices  

 

       Before estimation, we calculate the conditional transition probabilities to describe the 

rates of movement across specific categories of the BMI distribution across generations 

(Bhattacharya and Mazumder 2011). We adopt different BMI measures when we classify 

the BMI category of mothers and children. We classify mothers’ BMI status based on 

their raw BMI: average BMI under 18.5 are classified as underweight, 18.5~24.9 as 

normal weight, 25~29.9 as overweight, and above 30 as obese. Whereas the classification 

of children’s BMI status is based on their BMI z-score: underweight if BMI z-score <-

1.04; normal if -1.04<=BMI z-score<1.04; overweight if 1.04<=BMI z-score<1.64; obese 

if BMI z-score>=1.64. This BMI z-score is calculated with respect to the WHO reference 

population which varies by age and gender rather than with respect to the sample used 

here. We do not use raw BMI when we classify the BMI  status of children because raw 

BMI levels are interpreted differently for adults and children. For adults, BMI 

classifications are independent of age or gender, whereas for children aged between 2 and 

20 years old, BMI needs to be interpreted relative to a child’s age and gender, since the 

amount of body fat varies by age and gender (CDC, 2011).  
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      Based on this classification, Table 2.1 to Table 2.7 present the transition probabilities 

of BMI status across generations in the CHNS (1989-2009), IFLS (1993-2007), British 

1970 cohorts, HSE (1995-2010), NHANES (1988-1994), ENS-2006 (Spain) and 

ENCELURB (2002-2009) (Mexico), respectively. These transition probabilities describe 

the distribution of child’s BMI status conditional on mother’s BMI status, they are similar 

to transition matrices across the discretized bivariate distribution. The interaction terms 

between mother and child of different BMI status provides the matrix of intergenerational 

transition probabilities. For instance, in Table 2.1, the numbers in the first row of matrix 

indicate of the total number of children whose mothers were “underweight”, 20.56 % 

were “underweight”, 70.33 % were “normal”, 4% were “overweight, and 5.11% were 

“obese”. For mothers in the “underweight” category, 20.56 % of their children appear in 

the same category “underweight”, and 70.33 % were in the “normal” category. Compared 

with other categories, there seems a stronger transmission of the same BMI status in the 

“underweight” category. In the case of Indonesia, Table 2.2 suggests there is a larger 

proportion of children in the “underweight” category, and a larger proportion of mothers 

in the “obesity” category. This distribution seems in line with the recent studies, which 

suggest a coexistence of “under nutrition” and “obesity” clustering within a single 

household (“dual burden households”) in some developing countries, such as Indonesia 

(Doak et al. 2004). Moreover, we see there is a stronger intergenerational transmission of 

“underweight” (26.06%) in the IFLS sample compared to the CHNS sample. 

       In terms of the UK, as shown in Table 2.3 and 2.4, there is a significant greater 

fraction of mothers and children in the category of “overweight” and “obesity”. Moreover, 

comparing Table 2.3 (based on BCS 1970 cohorts) and Table 2.4 (HSE sample), the 

fraction of “overweight” is larger for both mothers and children in the HSE (1995-2010) 

sample than in the BCS 1970 cohorts survey which follows the cohorts from the time 

when they were born (1970) up until they were 26 years old (1996). Considering the 

timing, Table 2.3 and 2.4 indicate an increasing proportion of “overweight” among adults 

and children over time from the period 1970-1996 to 1995-2010. In the case of the US, 

based on the NHANES3 sample (1988-1994), Table 2.5 suggests there is a large fraction 

of “overweight” and “obese” for both mothers and children. Similarly, Table 2.6 suggests 

a strong transmission of  “obese” status (47.34%) from mothers to children. In the case 

of Mexico, Table 2.7 shows a strong transmission of “obese” status, given a large fraction 

of “obese” mothers (27.03%) in the mothers’ BMI distribution. The relatively larger 
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prevalence of “overweight” and “obese” compared to other developing countries is 

consistent with the fact there is a substantially rising trend of obesity in Mexico during 

the survey period (S. Leeder, et al. 2006). 
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Table 2.1: The transition probabilities of mother and child's BMI z-score in CHNS 1989-2009 (China) 

Full sample 

(N= 14011) 

 

    

BMI z-score 

 Child’s BMI status by BMI z-score (%) Mother’s 

distribution 

Observations 

  <-1.64 -1.64-1.04 1.04-1.64 >1.64   

 Category Underweight Normal Overweight Obese   

Mother’s  

BMI status 
< 18.5 Underweight 20.56 70.33 4 5.11 6.47 900 

18.5-24.9 Normal 10.86 75.25 6.64 7.26 76.53 10,649 

by BMI(%) 25-29.9 Overweight 6.25 74.71 9.59 9.45 15.29 2,127 

 >30 Obese 7.98 65.55 13.45 13.03 1.71 238 

 Child’s distribution 10.73 74.68 7.04 7.55   

 Observations 1,493 10,391 979 1,051  13,914 

 

Table 2.2: The transition probabilities of mother and child's BMI z-score in IFLS 1993-2007 (Indonesia) 

Full sample 

(N= 18755) 

  

 

BMI z-score 

 Child’s BMI status by BMI z-score (%) Mother’s 

distribution 

Observations 

  <-1.64 -1.64-1.04 1.04-1.64 >1.64   

 Category  Underweight Normal Overweight Obese   

Mother’s  

BMI status 
< 18.5 Underweight 26.06 64.51 2.91 6.52 9.32 1,719 

18.5-24.9 Normal 17.33 72.62 4.1 5.96 63.06 11,635 

by BMI(%) 25-29.9 Overweight 12.1 74.62 5.8 7.49 21.86 4,034 

 >30 Obese 7.71 72.15 7.9 12.23 5.76 1,063 

 Child’s distribution 16.44 72.27 4.58 6.7   

 Observations 3,034 13,335 845 1,237  18,451 
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Table 2.3: The transition probabilities of mother and child’s BMI z-score in British Cohort Studies 1970 (UK) 

 

 

 

 

 

 

 

 

Table 2.4: The transition probabilities of mother and child’s BMI z-score in HSE 1995-2010 (UK) 

Full sample 

 

 

BMI z-score 

 Child’s BMI status by BMI z-score (%) Mother’s 

distribution 

Observations 

  <-1.64 -1.64-1.04 1.04-1.64 >1.64   

 Category Underweight Normal Overweight Obese   

Mother’s  

BMI status 
< 18.5 Underweig

ht 

9.72 63.33 9.17 17.78 1.38 360 

18.5-24.9 Normal 2.02 59.29 14.21 24.49 46.21 12,092 

by BMI(%) 25-29.9 Overweight 1.37 54.62 15.31 28.7 31.54 8,254 

 >30 Obese 0.92 44.04 16.24 38.8 20.87 5,461 

 Child’s distribution 1.69 54.69 14.91 28.71   

 Observations 442 14,310 3,902 7,513  26,167 

        

Full sample 

 

 

BMI z-score     

 

 Child’s BMI status by BMI z-score (%) Mother’s 

distribution 

Observations 

  <-1.64 -1.64-1.04 1.04-1.64 >1.64   

 Category Underweight Normal Overweight Obese   

Mother’s  

BMI status 
< 18.5 Underweight 7.72 81.41 7.46 3.4 3.42 764 

18.5-24.9 Normal 3.85 80.31 9.54 6.31 72.36 16,142 

by BMI(%) 25-29.9 Overweight 2.34 70.95 14.72 11.99 18.55 4,137 

 >30 Obese 2.37 64.24 16.46 16.93 5.67 1,264 

 Child’s distribution 3.62 77.7 10.82 7.86   

 Observations 807 17,332 2,414 1,754  22307 
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Table 2.5:  The transition probabilities of mother and child’s BMI z-score in NHANES 3 1988-1994 (US) 

 

 

 

 

 

 

 

 

 

Table 2.6:  The transition probabilities of mother and child’s BMI z-score in ENS-2006 (Spain)  

 

 

 

 

 

 

 

Full sample 

 

 

  BMI z-score 

 Child’s BMI status by BMI z-score (%) Mother’s 

distribution 

Observations 

  <-1.64   -1.64-1.04 1.04-1.64 >1.64   

 Category  Underweight Normal Overweight Obese   

Mother’s  

BMI status 
< 18.5 Underweight  1.44 47.12 24.04 27.4 3.19 208 

18.5-24.9 Normal  1.55 43.79 18.28 36.38 48.46 3,156 

by BMI(%) 25-29.9 Overweight 0.89 40.65 17.99 40.47 25.95 1,690 

 >30 Obese 0.55 33.1 16.24 50.1 22.4 1,459 

 Child’s distribution 1.15 40.69 17.93 40.23   

Observations  75 2,650 1,168 2,620  6,513  

Full sample 

 

 

  BMI z-score 

 Child’s BMI status by BMI z-score (%) Mother’s 

distribution 

Observations 

  <-1.64   -1.64-1.04 1.04-1.64 >1.64   

 Category  Underweight Normal Overweight Obese   

Mother’s  

BMI status 
< 18.5 Underweight  10.53 43.42 14.47 31.58 2.26 76 

18.5-24.9 Normal  4.44 46.61 13.76 35.19 61.02 2,049 

by BMI(%) 25-29.9 Overweight 2.85 42.92 16.21 38.01 26.09 876 

 >30 Obese 2.24 36.41 14.01 47.34 10.63 357 

 Child’s distribution 3.93 44.49 14.44 37.14   

Observations  132 1,494 485 1,247  3,358 
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  Table 2.7:  The transition probabilities of mother and child’s BMI z-score in ENCELURB (2002-2009) (Mexico)  

 

 

 

 

 

 

 

     

Full sample 

 

 

  BMI z-score 

 Child’s BMI status by BMI z-score (%) Mother’s 

distribution 

Observations 

  <-1.64   -1.64-1.04 1.04-1.64 >1.64   

 Category  Underweight Normal Overweight Obese   

Mother’s  

BMI status 
< 18.5 Underweight  8.13 75.61 4.88 11.38 1.69 123 

18.5-24.9 Normal  2.82 75.63 10.86 10.69 33.17 2,413 

by BMI(%) 25-29.9 Overweight 1.95 68.65 14.57 14.83 38.11 2,772 

 >30 Obese 1.73 62.26 15.67 20.35 27.03 1,966 

 Child’s distribution 2.28 69.36 13.47 14.89   

Observations  166 5,045 980 1,083  7,274 
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      In summary, these transition probabilities reveal a wide disparity in the joint 

distribution of mother and child’s BMI status across countries. The CHNS sample 

suggests a stronger persistence of “underweight” between mothers and children in China; 

the IFLS sample shows a coexistence of “underweight” children and “obese” mothers 

( “nutrition transition paradox” )12 in Indonesia; there is a significantly larger fraction of 

mothers and children in the category of “overweight” and “obesity” in the UK, similar in 

the US and Spain; there is a relatively larger prevalence of “obesity” in Mexico compared 

to other developing countries. These transition probabilities show a global mobility of 

BMI status across the entire distribution, in particular reveal the prevalence of large 

movements in the BMI distribution from one generation to the next.  

 

2.6 Empirical Results 

2.6.1 Ordinary Least Squares Estimation 

 

       Applying equation (2.4), we estimate the IBE on data from the UK, USA, China, 

Indonesia, Spain and Mexico. As explained in section 2.4 we regress the log of child’s 

BMI on the log of parents’ BMI controlling for child’s age, child’s age squared, child’s 

gender and the interactions between child’s age and their gender.  In each of these datasets 

we are able to control for many different family and parental covariates.  We did estimate 

these models – but here we wanted to focus on a directly comparable equation 

specification which had the same form in each country.  This meant that we had to drop 

various variables which were not in each dataset as we estimated the ‘lowest common 

denominator’ model.  Our results – in terms of the sign and size of our main estimated 

parameter – the IBE – did not change appreciably – no matter what specification we 

adopted in each country separately when additional regressors were available. So here we 

focus only on the estimation results we can get for every country – in order that we can 

directly compare them. 

     It is clear from all our tables – that as we would expect the additional control variables 

are all significant with the logical and consistent relative size and signs of the coefficients.  

This is reassuring and means we can focus our attention on the parameter of interest – the 

                                                             
12 Relatively, compared with developing countries.  
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IBE – with some confidence that the underlying relationship we have specified is the 

reasonable way to approach this estimation problem. Prior to considering the regression 

results from each country separately we would like to draw attention to our overall 

benchmark estimates reported in Table A 2.4 in the Appendix. These estimates, of an IBE 

of 0.2 for father-child and 0.189 for mother-child are the overall estimates derived from 

all of our combined cross country data. Since the dummy variables for each country are 

statistically significant then clearly we need to estimate our model separately, by country. 

In doing so we should be mindful of this benchmark estimate. 

      Table 2.6 reports the results on IBE when equation (2.4) controls for father’s BMI 

variable alone. It suggests that the father-child IBE estimates range from 0.164 in 

Indonesian sample to 0.247 in Chinese sample, and they do not vary substantially across 

countries.  For the UK, The IBE estimate on BCS sample (0.211) is close to that from 

HSE sample (0.198). These results suggest that the responsiveness of child’s BMI 

variable to parents’ BMI variable is around 0.20 and the extent of this “inheritability” is 

relatively constant across countries. In other words, if the father’s BMI variable is 50% 

above the mean of their generation, on average his child’s BMI variable would be around 

20% above the mean of the children’s generation, and this seems to be regardless of the 

general state of economic development in the country. In a similar way, Table 2.7 presents 

the mother-child IBE estimates from these samples, and we see a similar pattern as in 

Table 2.6 which was reported for the father-child IBE estimates. In addition, comparing 

Table 2.6 and 2.7, we can see that in general, the father-child IBE estimates are larger 

than mother-child IBE estimates.   

       Next, we incorporate both father and mother’s BMI variables ( log(𝐵𝑀𝐼𝑓𝑖) and 

𝑙𝑜𝑔(𝐵𝑀𝐼𝑚𝑖)) into equation (2.4), and the results are reported in Table 2.8. As we expect, 

once we control for both father and mother’s BMI variables, the sizes of paternal and 

maternal BMI effects shrink significantly compared with Table 2.6 and Table 2.7, with 

the dominance of father’s BMI effects. One also needs to bear in mind that the 𝑅2 of these 

regressions ranges from 0.232 to 0.553, which suggests that a substantial part of child’s 

BMI is due to factors other than parental BMI. In the literature, studies often estimate the 

correlation between father or mother and child’s BMI (the single parent version of 

equation (2.4)). When we include both father and mother into the estimation, one might 

need to be mindful of the assortative mating where obese men tend to form partnerships 
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with obese women, we test this in section 2.6.2, the results suggest that the effects of 

mothers and fathers’ BMI are mainly additively separable.  

      One important caveat that must be explained in the data we have available is that it 

all comes from different time periods in the different countries.  Some of the data is fairly 

recent – so for example from China our last wave of data is from 2009. In contrast our 

data from the US – from NHANES is fairly old – it is from 1988.  This means that in 

many respects true cross country comparisons should be tempered by this limitation.  This 

aspect of our results should be factored into any relevant assessments. At the same time 

this feature of our results is also an advantage in demonstrating that our relative constant 

estimate of the IBE is applicable not only across countries but also over time.
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                Table 2.6: Intergenerational BMI elasticity between father and child across countries                             

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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

 

 

 

 

                       

                    

 China Indonesia UK US Spain 

 CHNS 

(1989-2009) 

IFLS 

(1993-2007) 

BCS 

(1970-1996) 

HSE 

(1995-2010) 

NHANES 3 

(1988-1994) 

ENS-2006 

(2006) 

Dependent variable: Log (BMI of child) 

Log (BMI of father) 0.247*** 0.164*** 0.211*** 0.198*** 0.185*** 0.212*** 

 (0.0116) (0.0076) (0.0093) (0.0070) (0.0124) (0.0313) 

Age of  Child -0.034*** -0.033*** -0.024*** -0.002** -0.0027 -0.014*** 

 (0.0009) (0.0009) (0.0006) (0.0010) (0.002) (0.0038) 

(Age of  Child)2 0.003*** 0.004*** 0.002*** 0.001*** 0.002*** 0.002*** 

 (4.97e-05) (5.86e-05) (2.34e-05) (5.19e-05) (0.0001) (0.0002) 

Male of Child 0.026*** 0.040*** -0.031*** 0.0178*** 0.023*** -0.013 

 (0.0048) (0.0038) (0.0040) (0.0036) (0.0055) (0.0175) 

Male*Age  of Child -0.002*** -0.005*** 0.002*** -0.004*** -0.005*** 0.0023 

 (0.0005) (0.0005) (0.0003) (0.0004) (0.0009) (0.0017) 

Constant 2.084*** 2.262*** 2.185*** 2.122*** 2.148*** 2.170*** 

 (0.0359) (0.0234) (0.0298) (0.0232) (0.0408) (0.103) 

       

Obs 14,061 18,570 21,505 26,316 6,515 2,139 

R-squared 0.339 0.213 0.537 0.430 0.439 0.141 



31 

 

 
 

   Table 2.7: Intergenerational BMI elasticity between mother and child across countries 

 China Indonesia UK US Spain Mexico 

 CHNS 

(1989-2009) 

IFLS 

(1993-2007) 

BCS 

(1970-1996) 

HSE 

(1995-2010) 

NHANES 3 

(1988-1994) 

ENS-2006 

(2006) 

ENCELURB 

(2002-2009) 

Dependent variable: Log (BMI of child) 

Log (BMI of mother) 0.213*** 0.152*** 0.184*** 0.197*** 0.169*** 0.166*** 0.112*** 

 (0.0109) (0.0062) (0.0075) (0.0058) (0.0093) (0.0189) (0.0091) 

Age of Child -0.0327*** -0.0334*** -0.0244*** -0.0026*** -0.0033* -0.0060** -0.0332*** 

 (0.0009) (0.0009) (0.0005) (0.0009) (0.0020) (0.0027) (0.0022) 

(Age of Child)2 0.0026*** 0.0031*** 0.0021*** 0.0015*** 0.0019*** 0.0013*** 0.0038*** 

 (4.99e-05) (5.86e-05) (2.31e-05) (5.12e-05) (0.0001) (0.0002) (0.0002) 

Male Child 0.0289*** 0.0418*** -0.0308*** 0.0184*** 0.0222*** 0.0277** 0.0145*** 

 (0.0047) (0.0037) (0.0039) (0.0036) (0.0054) (0.0126) (0.0041) 

Male*Age of Child -0.0021*** -0.0055*** 0.0024*** -0.0037*** -0.0046*** -0.0017 0.0003 

 (0.0004) (0.0004) (0.0003) (0.0004) (0.0009) (0.0013) (0.0013) 

Constant 2.182*** 2.294*** 2.284*** 2.136*** 2.209*** 2.295*** 2.471*** 

 (0.0336) (0.0195) (0.0237) (0.0193) (0.0306) (0.0613) (0.0297) 

        

Observations 14,061 18,570 22,650 26,316 6,515 3,420 7,413 

R-squared 0.333 0.216 0.542 0.445 0.449 0.163 0.094 

  Note: Spain uses the following, since only pairs of  “father-child” or “mother-child” are available.
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                Table 2.8: Intergenerational BMI elasticity between father, mother and child across countries 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                                                                   

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

 

                   

                        

 China Indonesia UK US 

 CHNS 

(1989-2009) 

IFLS 

(1993-2007) 

BCS 

(1970-1996) 

HSE 

(1995-2010) 

NHANES 3 

(1988-1994) 

Dependent variable: Log (BMI of child) 

Log (BMI  of father) 0.211*** 0.128*** 0.179*** 0.161*** 0.145*** 

 (0.0115) (0.0076) (0.009) (0.0068) (0.0124) 

Log(BMI  of mother) 0.174*** 0.123*** 0.162*** 0.176*** 0.146*** 

 (0.0106) (0.0063) (0.0076) (0.0057) (0.0095) 

Age of  Child  -0.034*** -0.0335*** -0.0241*** -0.0030*** -0.0038* 

 (0.0009) (0.0009) (0.0006) (0.0009) (0.0020) 

(Age of  Child)2 0.0027*** 0.0031*** 0.0021*** 0.0015*** 0.0019*** 

 (4.91e-05) (5.82e-05) (2.35e-05) (5.04e-05) (0.0001) 

Male Child 0.0276*** 0.0410*** -0.0324*** 0.018*** 0.0229*** 

 (0.0047) (0.0038) (0.0041) (0.0035) (0.0054) 

Male*Age  of Child -0.002*** -0.0054*** 0.0025*** -0.0037*** -0.005*** 

 (0.0005) (0.0005) (0.0003) (0.0004) (0.0008) 

Constant 1.658*** 1.990*** 1.782*** 1.680*** 1.814*** 

 (0.0448) (0.0269) (0.0352) (0.0276) (0.0451) 

      

Observations 14,061 18,570 21,246 26,316 6,515 

R-squared 0.359 0.232 0.553 0.462 0.463 
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2.6.2 Robustness, Fixed Effects and Assortative Mating 

 

      It is clear that the data used for the estimation in this paper preclude the use of robust 

identification strategies like differences-in-differences, regression discontinuity design or 

other preferred, modern methods of identification.  In this paper we mainly rely 

predominantly on cross-country, cross-section regressions.  This means that the most 

natural question is – to what extent might the results be biased by measurement error, and 

endogeneity bias.  These are difficult questions to answer at the best of times with even 

the most comprehensive data.  It is even more challenging in the context of answering 

world-wide empirical questions which have not been attempted before. Hence the value 

added of the present paper is to report on these basic (conditional) correlations – which 

have such a policy importance – that we need to establish the benchmark of such a 

fundamental parameter.   

      Nonetheless – we can report some limited robustness checks in our data.  For 

Indonesia we have good panel data and can use individual fixed effect estimation of our 

intergenerational transmission elasticity. These results are reported in appendix Table A 

2.1.  The results – not surprisingly – show an attenuation of our basic IBE – to around 

0.11 – rather than 0.2.  This is not surprising for two basic reasons.  Firstly, the results 

condition basically for the unobserved heterogeneity at the level of the individual and 

hence – under the assumption of fixed unobservable heterogeneity across time allow us 

to estimate the enduring nature of this elasticity.  The second factor is that the FE results 

report – to a large extent (when we have the majority of children observed only twice in 

the data) - the relationship between the difference in the adult parent BMI in consequetive 

time periods on the difference in the child’s BMI across time.  Such a relationship is, 

understandably not as strong as the raw correlation we report in our main tables.  

Notwithstanding these caveats – these results do present robust evidence of the presence 

of a strong correlation in the intergenerational process which is very comparable across 

countries. 

       A secondary concern is the extent to which our assumption that mothers and fathers’ 

BMI each has an additively separable effect on child’s BMI.  One reason why they may 

not is that when men and women form partnerships there may be assortative mating with– 

for example – taller women being attracted to taller men and vice versa.  To test this 
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assortative mating, we examine the association of the BMIs of mothers and fathers by 

running the regression of log father’s BMI on log mother’s BMI, the results are presented 

in appendix Table 2.2, it suggests that there is a strong relationship between father and 

mother’s BMI, this might imply some effects of “assortative mating” or effects of 

cohabitation which captures the correlation of environmental factors shared between 

spouses. To test whether there is a reinforcing force between father and mother’s BMI in 

this intergenerational transmission, we first introduce simple interactions of father and 

mother’s log BMI, the nature of the nonlinearity of the multiplication of two log values 

gave understandably strange results. Running the regression without taking logs destroys 

the elasticity interpretation we seek to use.  Hence our solution is to use two dummy 

variables which relate to having both an underweight father and mother or both an 

overweight father and mother.  We report these results in appendix Table A 2.3.  For the 

most part we do not find large assortative mating effects – although there is a small 

positive effect of having both an overweight mother and father on child’s BMI in the UK 

and the US and a small positive effect on child’s BMI of having an underweight mother 

and father in Indonesia. The former finding is consistent with the overweight families in 

the western countries having an overweight child. Based on 7,834 obese probands and 

from 829 subjects randomly ascertained from the general Swedish population, Jacobson 

et al. (2007) find assortative mating for obesity is associated a higher risk of obesity in 

the next generation. The latter finding is consistent with regression to the mean in 

Indonesia.  Including an assortative mating term does not detract from the size or 

significance of the IBE.  

 

 

 

2.6.3 Quantile Estimation 

 

       Thus far, the estimates for IBE we have reported are at the conditional mean of child’s 

BMI variable. To explore the variation of IBE across different quantiles of child’s BMI 

distribution, we estimate the quantile elasticities of BMI between father and child at 
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different points in the distribution of child’s BMI, using both parents version of equation 

(2.4)13. 

      The results on father-child IBE 14 are displayed by country in Figure 2.6. We do not 

present the mother-child IBEs, which show a similar pattern. Figure 2.6 suggests that the 

degree of BMI transmission is an increasing function throughout child’s BMI distribution 

in all the samples. This means that the father-child IBE tends to be larger at higher levels 

of child‘s BMI. In other words, the effects of shared environmental and genetic factors 

between father and child tend to be larger for the fatter children. However, one needs to 

be mindful that the results here measure a correlation rather than a causality, since the 

estimates might be biased by factors such as omitted variables which affect the correlation 

differently for fatter and thinner children. Nonetheless, to keep the sample size, we do not 

include more controls.  

       One possible interpretation of our results is that there is a lower bound to this 

elasticity of about 0.1 which is more or less a constant at the lower end of the distribution 

for the thinnest children. This suggests that an IBE of 0.1 could be the lowest feasible 

value and hence a potential lower bound to what could be measured with a biological 

transmission mechanism.  Any value above 0.1 of this mechanism could be caused by 

environmental or genetic factors.  It is difficult to know what the actual causal underlying 

mechanism is here but it is difficult to conceive of a biological mechanism which would 

be higher for fat children than thin children.  So – to the extent that a genetically 

inheritable trait is measured – then potentially the excess of the IBE over 0.1 for the fattest 

children could be informative. 

      One way of interpreting these results is to consider what they mean at different points 

in the child’s adiposity distribution. Take the case of China, at the 95th percentile of child’s 

adiposity the IBE estimates at the median is 0.30. The 95th percentile bounds of this 

estimate are 0.25-0.35. The corresponding estimate at the 5th percentile of children’s 

adiposity at the median is 0.125 and its 95th percentile confidence interval is 0.10-0.15. 

                                                             
13 We estimate only the mother-child version of equation (2.4) in the Mexican data, as only pairs of 

mother and child are identifiable in this data; similarly, in the Spanish data, only pairs of father-child or 

mother-child are available, rather than the whole set of father, mother and child.  
14 Except for the Mexican data, since only pairs of mother and child are identifiable in this data. We use 

father-child version of equation (2.4) for the Spanish data, since in the Spanish data, only pairs of father-

child or mother-child are available, rather than the whole set of father, mother and child. 

 



36 

 

 
 

This suggests that the strength of the inheritability process is at least double for the fattest 

children as it is for the thinnest children. 

       One may wish to hypothesize what the mechanisms might be for this underlying 

relationship – but a formal proof of any of these possible explanations is not possible with 

this data. Hence – what we wish to do here is just document and describe this relationship.  

For China there is limited evidence that the graph turns down slightly for the fattest 

children – but interestingly for the US the quantile plot turns down quite sharply after the 

80th percentile. This indicates that the elasticity is actually falling for the fattest children.  

This suggests that maybe – in the US – children who are the fattest become that way more 

of their own accord.  The most unusual country is Spain which seems to have a constant 

IBE across the whole range of children’s BMIs.   

       Looking more closely at each of the individual country figures in Figure 2.6 we see 

that the shape of the graph is quite different. For Indonesia the quantile plots rises at an 

increasing rate as we move from left to right to consider the fattest children. In contrast 

the graph for the UK and Mexico is rising monotonically. These figures, taken together, 

suggest that there is some cross country heterogeneity in the IBE quantile estimates across 

the distribution of children’s adiposity. This may be related to the inherent heterogeneity 

across countries, or, to some extent, due to the era when the data was collected. 

Specifically, we should remember that US data is the oldest in that it relates to 1988-1994 

and the position may have changed somewhat since then.  
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Figure 2.6: Quantile estimates of intergenerational BMI elasticity relative to OLS 

estimates by country 

 

 

 

 

 



38 

 

 
 

 

                                                                                                         

   

 

 



39 

 

 
 

 

                                         

 

 

 

 

                                                                                                                   



40 

 

 
 

              15 

                                                                                                                                              

                                                             
15 Note: shaded area are 95% confidence intervals on estimates. 



41 

 

 
 

2.7 Conclusions and Policy Implications 

 

       This chapter has examined the intergenerational transmission of BMI or adiposity across 

generations in six countries across the world. Using the BMI, we find that the intergenerational 

transmission of adiposity is constant and comparable across time and countries – even if these 

countries are at different stages in their economic development. These intergenerational 

correlations determine a significant fraction of the child’s likely BMI as an adult.  Since this 

effect is linear and additively separable for these two parents then we have found that the joint 

effect of the parents and its associated genetic makeup accounts for around 35% of the child’s 

likely BMI.   

      It must be emphasized that the results in this chapter mainly provides a descriptive picture 

of the intergenerational correlations in BMI. In terms of the channels through which this 

transmission operates, the fixed effects estimates might provide some evidence for rather short 

term environmental factors playing an important role, since the fixed-effects models yield 

significant elasticities of substantial magnitude.  

      Our second finding is that this intergenerational transmission mechanism is different across 

the distribution of children’s BMI.  It is up to double for the fattest children as it is for the 

thinnest children. Specifically we find that over 30% of the fattest child’s BMI is determined 

by the mother and 25% by the father.  Hence, jointly they account for over 50% of the fattest 

child’s likely BMI.  In contrast, the corresponding fraction is around 30% for the thinnest child. 

       To sum up, our evidence from different countries’ data suggests that there is a strong 

consistency in the IBE estimates across countries. This consistency is different from what the 

previous studies find with respect to the intergenerational transmission of education or earnings, 

they found that there is a substantial disparity in the IIE and IEE estimates across different 

countries and different datasets. The difference of IBE from IIE and IEE hinges on the relative 

role and the interaction of environmental and genetic forces in the intergenerational 

transmission, our assumption is that in the transmission of BMI variable, a smaller fraction of 

the operation forces are open to manipulation (such as the diet change with the household---

environmental change), and a larger fraction of the forces are driven by the “natural process”. 

If this hypothesis is true, our estimation for IBE may provide a lower bound of the 

intergenerational correlation in any characteristics including the income and education. In other 
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words, assuming the intergenerational transmission of anthropometric outcome is entirely 

determined by the genetic traits, if our IBE is closer to the IIE in Scandinavian societies where 

the IIE is the lowest---0.2, it may imply that the relationship between parents and child cannot 

be lower than this threshold, in spite of the change in either family environment (such as the 

shift of nutrition pattern) or socioeconomic environment (such as the innovation or marketing 

campaign in food industry). The IIE in Scandinavian societies is the lowest partly due to the 

less nepotistic labour market institutional process compared to other societies, so the 

differences in IIE between these countries might be related to other things going on in the 

economy, such as the differences in the education and labour market systems. Another way to 

consider the IBE is to consider it as a process before the society added on this transmission 

process, therefore it is more reflective of the underlying nature of intergenerational 

transmission process.  

       This implication of our research is that it puts the emphasis firmly on the family in terms 

of understand the large fraction of adiposity determination.  Specifically, we need to pay more 

attention to the inheritance from parents to child and what happens to the child when they are 

young, to explain a considerable fraction of what they become – as fat or thin adults.  We have 

no way (with the data available to us)  of splitting up the IBE into that which is due to genetic 

inheritance and that which is due to the family environment – but what we do know is that 

jointly these two influences determine a sizeable faction of what can happen to children.  One 

way of thinking about this process is to suggest that – in the extreme – the thinnest child in the 

data –inherits 10% of their BMI from their parents – so that this is the lowest bound on how 

much may be due to the process of inheritance in anthropometric characteristics.  Some fraction 

of the difference between their inheritance, and that of the fat child with a (combined) 0.55 

elasticity, may still be due to biology, but it seems likely that this could be more to do with 

what goes on inside the family – namely how much exercise is taken, what the family diet is 

like and generally how active they are. 
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Chapter 3: The Intergenerational Transmission of BMI z-score in China 

 

 

 3.1 Introduction 

 

     China is in the throes of a nutritional and epidemiological transformation. Since 1978, the 

significant improvement of Chinese living standards has been sustained for decades (Klein and 

Ozmucur 2002). In rural China, the average nominal income in 2011 (6,977 yuan) is over ten 

times of that in 1990 (686 yuan); in urban China, the average nominal income increased more 

dramatically, from 1,510 yuan in 1990 to 19,118 yuan in 2011 (The National Bureau of 

Statistics of China 2012). With the transition of Chinese economy, more and higher quality 

food has become available, leading to a shift in the dietary habits, an improvement in the 

nutriental intake and energy composition (Du et al. 2002). The proportion of rice and wheat in 

the diet has decreased, whilst the share of pork has increased (Guo et al. 2000). More energy 

was consumed from fat, and an increasing proportion of energy-dense foods are consumed 

(Popkin 2001). Over the same period, the level of physical activity (such as cycling and walking) 

has been falling due to the rapid motorization (Bell et al. 2012). As a result, the health outcomes 

of Chinese population have undergone a dramatic transformation in the past 25 years. Evidence 

from the China Health and Nutrition Survey (CHNS) data (which is used in this study) shows 

that there is an increase in the average Body Mass Index (BMI). Particularly, there is a 

rightward shift in the whole distribution of BMI over the period from 1989 to 1997, the 

proportion of underweight population is declining, and the proportion of obesity is increasing. 

This observation is particularly pronounced amongst children and adolescents. For adults aged 

between 39 and 59, the fraction of underweight has decreased from 14.5% to 13.1%, and the 

overweight has increased from 6.4% to 7.7% (Popkin 2008). China, which used to have one of 

the leanest populations in the world, has over one fifth of all one billion obese people in the 

world nowadays (Wu 2006). In addition, with the rising income inequality (where the Gini 

coefficient is 0.61) in the economic transition process, there is also a substantial disparity across 

regions in the process of health transition (Morgan 2000). Given the intergenerational income 

correlation estimate of 0.6 in China (Gong 2012), the estimation of the intergenerational BMI 

correlation might help us to gain some insights into the investigation of intergenerational 

income mobility and the “natural level” of social mobility in China.  
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       As we show in the first chapter, there is a relatively small variability in the magnitude of 

intergenerational BMI relationship across countries, and this relationship tends to be stronger 

at the fatter end of child’s BMI distribution. In this chapter, we will take China as an example 

and use another measure-BMI z-score to conduct a more comprehensive analysis. In addition 

to estimates at the mean and across the distribution (which we already showed in the first 

chapter), this study makes three distinct contributions to the literature. First, since the CHNS 

data is a longitudinal dataset which records data on the same individuals repeatedly over time, 

then this panel structure allows us to explore the dynamic pattern of change in children’s 

adiposity outcomes. We start by conditioning on their own BMI z-score in a previous time 

period. In addition, we differentiate out for the unobserved intra-household heterogeneity by 

controlling for household fixed effects, so that we can estimate the mechanism where the 

change in children’s adiposity outcome is a function of the change in parents’ adiposity 

outcome. This is different from most of the previous studies which mainly use levels of BMI 

in a cross section, taking no account of the potential endogeneity of child and parental BMI 

through the correlation of these measures with unobserved heterogeneity.  

       Second, the height and weight in our data are measured medically rather than self-assessed, 

which is rarely available in other longitudinal data. Self-assessed anthropometric measures tend 

to be biased, among which weight and BMI tend to be under-reported whereas height tends to 

be over-reported (Gorber et al. 2009), this may lead to an underestimation of BMI when it is 

based on the self-assessed data rather than the medically measured data. Therefore, that the 

height and weight in the CHNS data were recorded by the trained medical staff might help to 

improve the accuracy of our estimates of IBE (Spencer et al. 2002).  

      Third, in this chapter we also explore the heterogeneity of this intergenerational relationship 

of BMI z-score across different age groups of child and different levels of parental 

socioeconomic status. We find that this relationship tends to grow during the first half part of 

child’s youth stage16, and then declines until adulthood; we do not find a substantial variability 

in the magnitude of IBE with respect to different levels of family socioeconomic factors. In 

addition, though we control for the variable of child’s age, the estimates might still be biased 

due to that the anthropometric system (eg. metabolic) of children is different from that of adults, 

therefor, in the section of quantile estimation, an attempt is made by using the subsample which 

                                                             
16 The father-child IBE increases when the child’s aged from 0 to 10 years old, whereas the mother-child IBE 

increases until the child’s ages reached around 12 years old.  



45 

 

 
 

consists of children aged between 16 and 18 years old, based on the argument that the 

anthropometric development of children within this age range is similar to that of adults.   

 

3.2 Literature Review 

 

      In the previous chapter, the literature review provides a general review on the 

intergenerational relationship of education, income and health, along with a brief review on the 

variability of this intergenerational BMI transmission across the BMI distribution. Since this 

chapter pays more attention to the variability of this intergenerational relationship with respect 

to different family socioeconomic factors (“environmental factors”) and the evolution of this 

relationship with age. In this section, we will review the literature with an emphasis on these 

aspects. 

       One of the critical issues in estimating the intergenerational relationship is how to 

overcome the life cycle bias. In the circumstances of earnings, this issue relates to the fact that 

individual earnings vary over the lifecycle. A standard way to address this issue is to link the 

parents’ earnings and the child’s earnings when they are at a comparative age, the literature 

often uses their earnings when they both are at the middle age, though there are limited data 

which covers the adulthood of the child. Some studies also use the average earnings over the 

period covered in the data. In terms of the health outcomes such as BMI, some studies adopt a 

similar approach to overcome this life cycle bias. For instance, Classen (2010) estimates the 

intergenerational correlations of BMI between women and their children when both are aged 

between 16 and 24 years. By estimating the equation which simply includes mother and child’s 

BMI, he finds that the measured intergenerational correlation of BMI between mother and child 

is around 0.35. However, studies also suggest that the correlation between child’s BMI and 

parents’ BMI in childhood does not differ substantially from the correlation between child’s 

BMI and parents’ BMI in adulthood. Based on two generations in the 1958 British birth cohort 

(parents’ generation with BMI at 7,11,16,23, and 33 years old and a one-third sample of their 

children selected from 1991 aged 4-18 years old, Li et al. (2009) find that there is not a 

significant difference in the strength of the parental BMI in childhood and adulthood in the 

intergenerational BMI correlation.    
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      In terms of the variability of the intergenerational transmission of BMI with respect to 

different family socioeconomic factors, this relates to the transmission mechanism which 

involves the interaction of genetic factors with environmental factors. The environmental 

channels mainly include the dependence of children’s health outcome on their families’ credit 

constraint or their parents’ socioeconomic status, and the effects of parental health on child’s 

health through family labour supply and therefore family income (Heckman and Carneiro 

2003). The estimates for intergenerational correlation of income, education and BMI is a 

combination of the genetic and environmental effects parents and child share together. The  

“environmental effects” of parents’ BMI on child’s BMI may operate through the intra-

household resource allocation. On one hand, equality in the allocation may be subject to 

cultural preference or economic incentive. For instance, in Asia, parents tend to prefer sons 

over daughters, low-birth order children over higher-birth-order children (Sen 1990, Dasgupta 

1993), but this might vary with the bargaining power between fathers and mothers within the 

family, studies suggest an increase in the female income or income under the control of mother 

may increase survival rates or nutritional status of daughters, whereas increasing male income 

worsens the survival rates and the education attainment for daughters (Thomas 1990, Qian 

2008). On the other hand, evidence also shows that disparities in intra-household food 

consumption are, in large part, explained by the disparities in health status, productivity and 

the energy consumption of the activities across household members (Pitt et al. 1990). To 

separate environmental effects from genetic effects, some studies compare “sibling mothers” 

or looking within “twin pairs of mothers”, assuming twins share part of the same genetic make-

up, therefore the correlation between parental health outcome and child’s health outcome 

attributable to genetic factors can be purged of (Currie and Moretti 2005, Black et al. 2005, 

Royer 2009). Some studies use the data of twins or siblings, by incorporating siblings’ genetic 

relationships into the intergenerational equation, Martin (2008) investigates the family effects 

of social characteristics on adolescent weight. Based on the National Health Interview Survey, 

the National Longitudinal Survey of Youth (NLSY) and the National Longitudinal Survey of 

Adolescent Health (Add Health), Thompson (2013) finds that 20-30% of the intergenerational 

correlations in health outcomes can be attributed to genetic mechanisms, by comparing the 

strength of transmission among biological children and adopted children; in addition, he finds 

that the intergenerational transmission of health does not differ substantially after including the 

proxies for environmental factors, such as the SES measures, health care access, health 

behaviour variables, cognitive test scores and other controls. 

file:///C:/Users/mimixiao/Desktop/27Dec/Draft%201Jan2013.docx%23_ENREF_19
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     Studies suggest the intergenerational correlation of health outcomes tends to be stronger at 

lower levels of SES in both developed countries and developed countries. Based on a dataset 

on California births from 1960s to around 2005, Currie and Moretti (2005) find that children 

of low birth weight mothers are around 50% more likely to have low birth weight, and maternal 

poverty is strongly correlated with low birth weight of child, they argue that this 

intergenerational transmission of low birth weight is associated with the intergenerational 

transmission of low income (i.e. poverty cycle), since parent’s income affects child’s health, 

and child’s health affects their future education and earnings. In the study mentioned above, 

using the US data, Thompson (2013) also finds that the intergenerational transmission of health 

is stronger among families of low SES. In the setting of developing countries, based on 

individual survey data on 2.24 million children born to 600,000 mothers over the period from 

1970 to 2000 in 38 developing countries, Bhalotra and Rawlings (2013) find children of shorter 

mothers or mothers with weaker health at birth are more sensitive to changes in the 

socioeconomic environment, and their survival rate is lower. 

 

3.3 Data and Method    

3.3.1 Data 

 

             The longitudinal data used in this study comes from eight waves (1989, 1991, 1993, 

1997, 2000, 2004, 2006, and 2009) of the China Health and Nutrition Survey (CHNS)17. CHNS 

is conducted as a joint project of the Carolina Population Center at the University of North 

Carolina at Chapel Hill and China’s National Institute for Nutrition and Food Safety and the 

China Center for Disease Control and Prevention. It covers urban and rural areas of nine 

provinces that vary substantially in geology, economic development and public resources. This 

data covers health outcomes, demographic and anthropometric measures of all members of the 

sampled households, including medically measured heights and weights.  It also includes 

information on social and economic indicators such as education, household income and labor 

market outcomes such as occupations. The CHNS sample was not representative of China but 

                                                             
17 The CHNS is publicly available at http://www.cpc.unc.edu/projects/china 

http://www.cpc.unc.edu/projects/china
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is designed to be randomly selected from households in eight provinces 18 --- Liaoning, 

Shandong, Henan, Jiangsu, Hubei, Hunan, Guizhou and Guangxi ( from north to south). They 

employ a multistage, random cluster process to draw the sample in each of the provinces19. Our 

sample is restricted to children under 18 years old with information (especially anthropometric 

information) on both the biological father and mother. We choose age 18 as the threshold since 

this is the age used to distinguish between adult and child in the CHNS physical examination 

dataset where the anthropometric information is included. Additionally, children within this 

age range normally live with their parents and rely on their parents for nutritional intake and 

health care.  As a result, this sample includes 14,077 person-wave observations made up by 

6,044 children with both their fathers and mothers. In the data, there are 6,274 pairs of father-

child and 6,747 pairs of mother-child. Therefore, given the large fraction of children living 

with both father and mother, the selection of children with both parents might not significantly 

affect our estimates. As in the previous chapter, we restrict the sample to those aged five years 

and older, applying equation (3.1), the results are presented in Table A 3.4. We see as in 

Chapter 2, the estimates for intergenerational correlation are larger than those based on the full 

sample (Table 3.1). This is consistent with the estimates we will show later when we analyze 

the correlation by age group, where the intergenerational correlation turns significantly larger 

on sub-samples aged above five. In terms of the attrition and response rate, based on the 

definition of response rates that those who participated in previous survey rounds remaining in 

the current survey, the response rates of this data were 88% at individual level and 90 % at 

household level. If the response rate is defined based on those who participated in 1989 and 

remained in the round 2006, then the rates were 63% and 69%, respectively (Popkin, 2010).  

      Different from the previous chapter, in this chapter we use BMI z-score rather than raw 

BMI, since BMI z-score reflects the relative position to the WHO reference population (the 

sample from WHO macro software) which adjusts for age and gender20. We also conduct the 

analysis using the raw BMI (as in the previous) chapter, the corresponding results are presented 

in Appendix 3 and they are consistent with the results using BMI z-score here. The conversion 

of z-score can be made using the 2006 WHO Growth Standards for preschool children and the 

                                                             
18 In 1997 Liaoning was not able to participate and a new province-Hei Longjiang was added as a replacement, 

then Liaoning returned to the survey in 2000. 
19 See Popkin et al. (2010) for a detailed introduction on the CHNS survey.  
20 See Appendix for a description of BMI z-score and a discussion on BMI z-score and BMI.  
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2007 WHO Growth Reference for school age children and adolescents. In Stata, this conversion 

is implemented using a program from the WHO website21.  

 

3.3.2 Descriptive Statistics        

 

      This section presents some descriptive statistics of our sample. Since BMI z-score is 

adjusted for age and gender, this feature facilitates the comparison of adiposity distribution 

across groups of different age levels, in our case this is particularly true when we plot the 

distribution of adult parents’ and child’s adiposity distribution together, as we show in Figure 

3.2 and Figure 3.3. In terms of the classification, we follow the WHO growth 

reference/standard (Wang and Chen, 2012) and use the following classification: underweight 

if BMI z-score <-1.04; normal if -1.04<=BMI z-score<1.04; overweight if 1.04<=BMI z-

score<1.64; obese if BMI z-score>=1.64. This classification applies to both adults and children 

since BMI z-score accounts for age and gender, as mentioned earlier.  

       Figure 3.1 suggests the density of child’s BMI z-score for children in the cohorts aged less 

than six, seven to twelve and thirteen to eighteen. The BMI z-score is normalised for age, these 

are the children who are less than six years old, seven to twelve and thirteen to eighteen, so 

Figure 3.1 shows a cohort effect. The distribution of child’s BMI z-score shifts left-wards as 

their age increases because the child’s BMI values in our sample tend to be lower than the 

reference population in the Anthro software, the average BMI of Asian population tends to be 

lower than that of non-Asian population (WHO 2004). This decline is relative to the external 

(world) reference population rather than the internal (our CHNS sample) reference population, 

and the left-wards shift of child’s BMI density does not imply a decrease in the child’s true 

BMI values as their age increase. When it comes to the intergenerational relationship of BMI 

z-score, Figure 3.2 and Figure 3.3 suggest that the distribution of child’s BMI z-score shifts 

towards the left relative to their father and mother, this trend indicates a shift towards lower 

BMI z-score among children relative to their parents. The reverse case is found by Classen 

(2010) using NLSY79  data in the United States, he shows a shift towards higher BMI levels 

among children relative to their mother. 

                                                             
21 They can be downloaded from http://www.who.int/childgrowth/software/en/ for Child growth standards (0~5 

years old) and  http://www.who.int/growthref/tools/en/ for Growth reference (5~19 years old).  

file:///C:/Users/mimixiao/Desktop/27Dec/Draft%201Jan2013.docx%23_ENREF_6
http://www.who.int/childgrowth/software/en/
http://www.who.int/growthref/tools/en/
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      There are three factors which explain these patterns. First, Figure 3.1 shows that growing 

children are getting fatter in the sense that the proportion of young children aged below six, 

who are obese is greater than the share of older children who are obese. Second, although the 

children’s distribution, relative to their mother and father is shifting leftwards (due to the bias 

in the WHO reference group), it is the case that the fraction of children who are obese is larger 

than the fraction of mothers (Figure 3.2) or fathers who are obese (Figure 3.3).Third, the 

fraction of fathers and mothers who are obese is increasing over time. To see this, we cluster 

them by survey period (1989, 1991 and 1993, 1997 and 2001, 2004, 2006 and 2009) and find 

that the fractions of fathers and mothers who are obese have shifted to the right over time. 

Likewise, for children within the same age range (<=6, 7-12, and 13-18), the fraction of obesity 

is also increasing over time22. 

 

 

Figure 3.1: Distribution of child's BMI z-score by age group 

(Using WHO Age and Gender Adjustment) 

                           

Source: own calculation 

 

 

                                                             
22 These figures are available on request.  
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Figure 3.2: Distribution of father and child's BMI z-score 

(Using WHO Age and Gender Adjustment) 

 

    

Source: own calculation                           

 

Figure 3.3: Distribution of mother and child's BMI z-score 

 (Using WHO Age and Gender Adjustment) 

 

         

Source: own calculation     
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Figure 3.4: Distribution of father, mother and child’s BMI z-score 

(Using WHO Age and Gender Adjustment) 

 

      

Source: own calculation     

 

3.4 Empirical Model  

 

       As in the previous chapter, the equation we mainly employ here is as follows: 

 

𝑦𝑖 = 𝛿 + 𝛼y𝑓𝑖 + 𝛽y𝑚𝑖 + 𝛾𝑥𝑝 + 𝑓𝑖 + 휀𝑖                                                                     (3.1) 

 

where 𝑖 indexes individual child observations and 휀𝑖 captures the transmitted stochastic error 

term. Therefore, child’s health outcome 𝑦𝑖 is a function of child 𝑖’s father’s health outcome, 

𝑦𝑓𝑖, and mother’s health outcome, 𝑦𝑚𝑖, 𝑥𝑝 denotes the age variables of father and mother, and 

𝑓𝑖 captures child 𝑖’s age annual dummies, gender and the interaction term between them. Notice 

here we use age annual dummies rather than the continuous variable of BMI to account for the 

potential non-linear relationship between age and BMI z-score. Equation (3.1) is the baseline 

equation we use in this study, it derives the intergenerational correlation of parents’ BMI z-

score with child’s BMI z-score. We recognize the possibility of a reverse causality from 

children’s BMI to parents’ BMI, however, we cannot identify this reverse causality.  
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       In addition to the pooled OLS estimation, based on the longitudinal structure, we also 

investigate the simplistic dynamic pattern of child’s BMI measure, equation (3.1) is estimated 

with the incorporation of lagged child’s BMI z-score, yi,t−1, in doing so we wish to net out for 

the individual unobserved heterogeneity .  

                                             

𝑦𝑖𝑡 = δ + 𝛼y𝑖𝑓𝑡 + 𝛽y𝑖𝑚𝑡 + 𝛾𝑦𝑖,𝑡−1 + 휀𝑖𝑡                                                                       (3.2)                                                                

 

Where  𝑦𝑖𝑡  denotes father’s BMI z-score, 𝑦𝑚𝑡  denotes mother’s BMI z-score, and 𝑦𝑖,𝑡−1 

represents the lagged value of child’s BMI z-score.  

      As said in the literature, the IBE measures to what extent (i) biological/genetic factors and 

(ii) a shared environment learning contribute to intergenerational correlation of body weight 

from parents to their offspring. It does not tell us much on the mechanism in terms of how 

much is specifically attributable to genetic factors and how much of this correlation is 

specifically due to environmental factors. The longitudinal structure of CHNS data provides a 

possibility to differentiate out unobserved genetic effects and part of the unobserved 

environmental effects which are not changing over time, thus the fixed effects estimates mainly 

capture the effects of change in shared environmental factors (i.e. short term environmental 

factors). 

      First, as both child’s health and parents’ health are affected by time-invariant unobserved 

individual heterogeneity, 𝑓𝑖, such as genetic components and part of the environmental factors 

which are fixed over time. The panel structure of the data allows us to estimate equation (3.1) 

in an individual fixed effect framework. 

 

𝑦𝑖𝑡 = δ + 𝛼𝑦𝑓𝑖𝑡 + 𝛽y𝑚𝑖𝑡 + 𝛾𝑥𝑝𝑡 + 𝑓𝑖 + 휀𝑖𝑡                                                                   (3.3) 

 

Where 𝑡 denote observations referenced to a specific time period (or wave of the data). This 

equation takes into account an individual fixed effect 𝑓𝑖. It should be acknowledged that the 

fixed effects estimates do not condition out for factors which are variant over time, such as the 

eating habits which change over time, especially as children age. In addition, the pattern of 

food allocation among household members also varies with time. These patterns, together with, 

who is in control of the family income (Thomas 1990), who takes a larger share of energy-

intensive activities (Pitt et al. 1990), whether the parents have a preference for sons (Qian 2008) 
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or lower-birth-order children (Dasgupta 1993), can all affect both parental and children’s BMI 

outcomes. Thus, household fixed effects are applied to estimate equation (3.1), i.e., fixed 

effects model is estimated using the following equation (3.4). 

 

y𝑖𝑗𝑡 = δ + 𝛼y𝑓𝑖𝑗𝑡 + 𝛽y𝑚𝑖𝑗𝑡 + 𝛾𝑥𝑝𝑗𝑡 + ℎ𝑗 + 휀𝑖𝑡                                                             (3.4) 

 

Where 𝑗 indexes household observations. In household 𝑗 , child 𝑖 ’s health is a function of 

father’s health, 𝑦𝑓𝑗𝑡, and mother’s health, 𝑦𝑚𝑗𝑡, ℎ𝑗  denotes the household fixed effects. This 

equation can only be identified when we have data on siblings for which the 𝑓𝑖  effects are 

distinct and the ℎ𝑗 are the same. We can estimate this model on the data as in a subset of this 

data there are more than one child in each household. In all of the estimation which follows our 

interest is on the 𝛼 and 𝛽 coefficients which respectively measure the relationship of BMI z-

score for father-child and mother-child. Biological laws of nature define the both coefficients 

will be positive. What is at issue here is how large are, compared with the OLS estimates from 

equation (3.1). 

        In addition, we estimate equation (3.1) with respect to different levels of family social 

economic status, measured by family income, mother’s education, father’s occupation and the 

time duration when the family was in poverty, respectively; we estimate the IBE across 

different quantiles of child’s BMI; we estimate the intergenerational correlation of BMI z-score 

by age group, and conduct quantile estimation on samples aged 16~18 years old to examine 

the probability that this relationship is structurally different when the children have become 

adults. 

 

3.5 Empirical Results 

3.5.1 Ordinary Least Squares (OLS) and Fixed Effects (FE) Estimation 

3.5.1.1 OLS Estimation 

  

      Before presenting the results, it is necessary to clarify that the intergenerational relationship 
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of BMI z-score cannot be used to isolate the genetic effects from the environmental effects23. 

Instead, it explores the role of common genes and environment in the intergenerational 

transmission of anthropometric tendency (Gruber 2009).  

      Table 3.1 presents the baseline pooled OLS estimates (with around 14,000 observations) in 

single-parent and both-parents version of equation (3.1). Column (1) shows the correlation 

between father’s BMI z-score and child’s BMI z-score when the regression only controls for 

father’s BMI z-score, the coefficient of 0.223 suggests that one standard deviation increase in 

father’s BMI z-score is associated with an increase of 0.223 in child’s BMI z-score. Similarly, 

Column (2) suggests that the association between mother and child’s BMI z-score in the sample 

is 0.208. The coefficients for child’s age dummies are mostly negative, column (4) suggests 

that this intergenerational correlation appears stronger after we control for child’s age and the 

interaction of child’s age with their gender 24, this indicates child’s BMI z-scores declines with 

age, which corresponds to Figure 3.1. 

      The results imply a marginally greater role for the environment and genes that a father and 

child share together than the mother and child share together, in the intergenerational 

transmission of BMI z-score. Column (3) shows that this result is robust when we control for 

both father and mother’s BMI z-score, the magnitude of the coefficients on both the mother 

and father fall slightly. This result is counter to some studies in other countries, which find a 

stronger influence of maternal health status (eg, obesity) than paternal health on child’s BMI 

(Anderson 2012), Anderson (2012) attributes this relative importance of mother’s health to the 

fact that mother is usually the primary caregiver in the family responsible for the diet and health 

care of the child. However, some studies also find that this intergenerational correlation does 

not differ substantially with father or mother, using 4,654 complete parent–offspring trios 

in Avon Longitudinal Study of Parents and Children (ALSPAC), Smith et al.(2007) find that 

the correlation between parental BMI and children’s BMI at age 7.5 was similar for both 

parents. As we discussed in the previous chapter, we do not find strong evidence on the 

interaction between father and mother’s BMI variable. Therefore, we mainly use the both-

parents version of intergenerational equation. 

                                                             
23 Note that the intergenerational correlation of BMI z-score shares this property with the intergenerational 

correlation of income and education which cannot distinguish between ‘inherited’ factors from family and 

shared environment influences. 
24 In results not reported we included an interaction term in mother and father BMI which was always 

statistically insignificant. 
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Table 3.1: OLS estimates of the intergenerational correlation of BMI z-score 

 (1) (2) (3) (4)  (5) 

Dependent Variable: BMI z-score of child 

BMI z-score of father 0.223***  0.191*** 0.246*** 0.244*** 

 (0.0155)  (0.0152) (0.0141) (0.0141) 

BMI z-score of mother  0.208*** 0.166*** 0.234*** 0.235*** 

  (0.0174) (0.0168) (0.0166) (0.0166) 

Male of child    0.0224 0.0194 

    (0.171) (0.171) 

Age dummies of child    Y Y 

Age dummies of child* 

Male of child 

   Y Y 

Age of father     -0.00654 

     (0.00448) 

Age of mother     0.00173 

     (0.00503) 

Constant -0.190*** -0.248*** -0.222*** 0.778*** 0.917*** 

 (0.0147) (0.0152) (0.0147) (0.122) (0.143) 

      

Observations 13,943 13,943 13,943 13,943 13,943 

R-squared 0.027 0.021 0.039 0.188 0.189 
Standard errors are clustered at the household level in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

      Next we include household characteristics, regional dummies, year dummies and the 

interaction between them in the equation, the results are presented in Table 3.2. Column (1) 

suggest after we control for household socioeconomic factors, they include the type of father’s 

occupation, the highest education degree of mother, the number of people in the household and 

the category of household income per capita, the estimates for father and mother’s BMI effects 

decrease slightly compared with the baseline estimates (column (5) of Table 3.1). Column (3) 

suggests there is an appreciable decrease in the estimates for father and mother’s BMI effects 

after we control for the fixed effects for child’s province of residence, this is consistent with 

the prior studies that there is a substantial disparity in child’s health status across regions in 

China. In column (4) we control for the time trend by including the survey year dummies in 

the estimation; in column (5) we control for provincial-varying time trends that may have 

occurred during the survey period used in this study. The results suggest that the inclusion of 

potential environmental factors does not significantly reduce the estimates of intergenerational 

BMI correlation, which is consistent with the prior studies (Thompson 2013). We also estimate 

this correlation between father and son, father and daughter, mother and son and mother and 

daughter, separately. The estimates are presented in Table A 3.5, they suggest the estimates are 
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slightly larger than those based on the full sample (column (5) of Table 3.2), this is 

understandable due to that we include one parent only in the estimation. 

 

Table 3.2: OLS estimates of the intergenerational correlation of BMI z-score with more 

controls 

 (1) (2) (3) (4) (5) 

Dependent Variable: BMI z-score of child 

BMI z-score of father 0.237*** 0.235*** 0.202*** 0.200*** 0.198*** 

 (0.0171) (0.0173) (0.0173) (0.0175) (0.0175) 

BMI z-score of mother 0.221*** 0.221*** 0.194*** 0.193*** 0.191*** 

 (0.0200) (0.0201) (0.0192) (0.0193) (0.0195) 

Household characteristics Y Y Y Y Y 

Year fixed effects  Y  Y Y 

Province fixed effects   Y Y Y 

Province*Year     Y 

N 9,536 9,536 9,536 9,536 9,536 

R-squared 0.193 0.194 0.213 0.214 0.224 

Note: the regression also includes: age dummies of child, gender of child and the interactions between them,   
father and mother’s age. Household characteristics include the category of household income per capita, 

household size , the type of father’s occupation , the highest education degree mother attained. “Province*Year” 

are interactions of child’s residential province dummies with the survey year. Standard errors are clustered at the 

household level in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

      In Table 3.3 we turn to a basic (flexible) first difference model in which we control for the 

child’s BMI z-score at a previous time period 25.  This reduces the sample to 7,918 observations.  

Here, the magnitude of these correlations understandably shrink slightly (to around 0.17) when 

equation (3.1) includes the child’s lagged BMI z-score, where the coefficient of this term is 

around 0.34 (column (2)). This result shows that the change of child’s BMI status is strongly 

correlated with his/her BMI status in the previous year, i.e. there is a strong persistence in 

child’s BMI over time. Column (3) and (4) suggest this result is robust to the inclusion of 

household characteristics, regional and time effects.  

 

                                                             
25 Nickell (1981) suggests that a ‘quasi-fixed effects estimate with a lagged dependent variable may downwardly 

bias the coefficient of the lagged dependent variable.  But this coefficient is not our central concern in this study. 
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Table 3.3:  OLS estimates of the intergenerational correlation of BMI z-score, 

controlling for the lagged value of Child’s BMI z-score      

 (1) (2) (3) (4) 

Dependent Variable: BMI z-score of child 

     

Lagged BMI z-score of child 0.387*** 0.340*** 0.335*** 0.328*** 

 (0.0114) (0.0125) (0.0147) (0.0151) 

BMI z-score of father 0.171*** 0.198*** 0.201*** 0.181*** 

 (0.0135) (0.0139) (0.0174) (0.0177) 

BMI z-score of mother 0.146*** 0.176*** 0.172*** 0.160*** 

 (0.0160) (0.0171) (0.0215) (0.0216) 

Age dummies of child, gender of child and 

the interactions between them,   father and 

mother’s age. 

 Y Y Y 

Household characteristics   Y Y 

Year fixed effects, Province fixed effects 

Province*Year effects 

   Y 

Constant -0.334*** 1.452*** 1.043*** 0.958*** 

 (0.0131) (0.361) (0.146) (0.262) 

     

Observations 7,918 7,918 5,484 5,484 

R-squared 0.243 0.278 0.276 0.298 
Standard errors are clustered at the household level in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

 

3.5.1.2 Panel Fixed Effects (FE) 

 

     Next we use the longitudinal element of the data and model a child’s BMI z-score over the 

life course of their childhood (or whatever part of it we observe) between 1989 and 2009. In 

doing so we are able to - by turns - control for individual unobserved heterogeneity and family 

specific unobserved heterogeneity. Our results are presented in the Table 3.4 and Table 3.5, 

respectively. Care needs to be taken in interpreting these results in comparison to Table 3.1. In 

Table 3.1 we report simple correlations taking no account of the panel element of the data - 

treating all observations occurring at any point in time as independent. In contrast, the panel 

estimates specify the dynamic underlying intergenerational correlation of BMI z-score over the 

childhood life course after having netting out for family and individual unobserved 

heterogeneity. 

     The individual fixed effects estimates from equation (3) are provided in Table 3.4. It 

suggests that the intergenerational relationship of BMI z-score remains significant after the 
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regression controls for time-invariant unobserved individual characteristics. The individual 

fixed effect estimates (0.151 and 0.160) are lower than the previous pooled OLS estimates 

(0.244 and 0.235), this indicates a potential upward bias in the pooled OLS estimates due to 

the omission of unobserved individual heterogeneity.  

 

Table 3.4: Individual Fixed Effects Estimates of the intergenerational correlation of  

BMI z-score       

 (1) (2) (3) 

Dependent Variable: BMI z-score of child 

BMI z-score of father 0.151*** 0.151*** 0.138*** 

 (0.0301) (0.0377) (0.0374) 

BMI z-score of mother 0.160*** 0.135*** 0.118*** 

 (0.0350) (0.0383) (0.0403) 

Age dummies of child, gender of 

child and the interactions between 

them,   father and mother’s age. 

Y Y Y 

Household characteristics  Y Y 

Year fixed effects, Province*Year 

effects 

  Y 

Constant 3.533** 2.549 -5.511** 

 (1.482) (1.741) (2.752) 

    

Observations 13,943 9,536 9,536 

R-squared 0.159 0.154 0.186 

Number of individuals 6,027 4,341 4,341 
Standard errors are clustered at the household level in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

       Applying equation (3.4), the household fixed effects estimates in Table 3.5 suggest that 

the household fixed effect estimates are close to the individual fixed effect estimates. As 

discussed earlier in the previous chapter, compared with the OLS estimates, these fixed effects 

estimates provide some information on the short-term environmental effects through 

differentiating out the unobserved genetic effects and the long-term environmental effects 

which are assumed invariant with time. In other words, OLS estimates provide a descriptive 

correlation in BMI, if we want to say something on the mechanism- separating different 

channels of intergenerational transmission, the fixed effects provide some evidence for the 

effects of change in environmental factors (i.e. short term environmental effects), such as 

change in the dietary and the type of transport. 
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       More specifically, the individual effect results indicate the effects of individual specific 

parents on the individual specific child, and the household fixed effect results are more likely 

to be associated with the difference between child 𝑖 and his/her sibling 𝑗  in terms of the way 

they are treated, the longer the age gap between child 𝑖 and 𝑗, the greater differences in terms 

of the way they are treated, and the more likely that what the household fixed effect results 

capture is accounted for by these differences. In other words, the family fixed effect results 

indicate the effects of the difference between child 𝑖 and 𝑗 on child 𝑖’s BMI. Therefore, the 

subsample of children with siblings may be different from the full sample26. 

 

Table 3.5: Household Fixed Effects Estimates of the intergenerational correlation of  

BMI z-score       

 (1) (2) (3) 

Dependent Variable: BMI z-score of child 

BMI z-score of father 0.152*** 0.157*** 0.138*** 

 (0.0273) (0.0352) (0.0357) 

BMI z-score of mother 0.152*** 0.130*** 0.117*** 

 (0.0291) (0.0349) (0.0349) 

Age dummies of child, gender of 

child and the interactions between 

them,   father and mother’s age. 

Y Y Y 

Household characteristics  Y Y 

Year fixed effects, Province*Year 

effects 

  Y 

Constant 0.568*** 0.509 0.792** 

 (0.194) (0.310) (0.330) 

    

Observations 13,943 9,536 9,536 

R-squared 0.166 0.166 0.187 

Number of households 3,708 2,917 2,917 
Notes: standard errors are clustered at the household level in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

                                                             
26 The identification of household fixed effects is coming off  the 47.18% of sample which have more than one 

child, of which 39.18% have two children, 11.63% have three children and 1.53% have four children. It is 

possible there might be some sample selection problem in the household fixed effects estimation,  due to the 

one-child policy in China. We examined this and found no evidence that  the decision of having the second or 

more children might be associated with health status of the first child. We also found evidence that the one child 

policy was not rigorously enforced in rural areas during the period when the CHNS was collected. 
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      To summarize, the fixed effects estimates suggest when we account for unobserved time-

invariant factors, the magnitude of this intergenerational correlation estimates drop by a 

significant amount. This is consistent with the prior studies applying fixed effects model to 

the estimation of intergenerational health transmission. Coneus and Spiess (2012) use fixed 

effects as a robustness check for their cross-section estimates, and they find most of their 

cross-section estimates are robust when they control for the fixed effects.  

 

3.5.2 Estimation by Family Socioeconomic Group 

 

      So far in our analysis, we have focused on the estimation of the intergenerational BMI 

correlation at the conditional mean. In this section, we explain the heterogeneity of this effect 

by family income, mother’s education, father’s occupation, and the poverty status of the family. 

We then investigate the intergenerational correlation of BMI across the distribution of 

children’s BMI by using quantile estimation.  

     To test whether the intergenerational correlation of BMI z-score varies with the parental 

socioeconomic factors, we include the interactions of father and mother’s BMI variable with 

different measures of socioeconomic factors. We use three main variables as the measure of 

family socioeconomic factors: the quartiles  of household income per capita relatively within 

the CHNS sample; the proportion of time that the family was in poverty during the survey years, 

the family was classified as being in poverty if the income per household member inflated to 

2009 was below the world poverty line in 2009 (3,100 yuan per capita per year27); the highest 

education degree of mother, lower education levels (primary school and below) middle 

education levels ( lower middle school and upper middle school) and higher education levels 

(technical school , college and beyond); the type of father’s occupation, farmers, workers 

(skilled/non-skilled/service worker and other) and professionals (Professional/technical/ 

administrator/executive/manager/office). The results are presented in Table 3.6. Column (1) 

displays the estimates of the correlation between mother and child’s BMI z-score when the 

equation includes the interactions between mother’s BMI z-score and different socioeconomic 

factors. Model 1 includes the interactions between mother’s BMI z-score and the quartiles of 

household income per capita; model 2 includes the interactions between mother’s BMI z-score 

                                                             
27 The world poverty line here is calculated according to the poverty line 1.25 dollars/ day from the world bank 

in 2008. 
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and mother’s education level, and model 3 includes the interactions between mother’s BMI z-

score and the indicators of family poverty duration. The results suggest that the relationship 

between mother and child’s BMI z-score does not vary substantially with the socioeconomic 

indicators. In terms of the variability in the correlation between father and child’s BMI z-score, 

column (2) shows similar results as column (1), the correlation between father and child’s BMI 

z-score barely varies with the socioeconomic indicators. In summary, the intergenerational 

correlation of BMI z-score does not vary substantially by socioeconomic factors used here.  

 

Table 3.6: OLS estimates of the intergenerational correlation of BMI z-score, including 

the interactions between parental BMI z-score and family socioeconomic factors 

            (1)  (2) 

 Mother-child   Father-child  

 Dependent variable : BMI z-score of child 

 Model1  Model1  

BMI z-score of mother 0.200*** BMI z-score of father 0.205*** 

 (0.0389)  (0.0389) 

Income quarter: (Ref.: 0-

25th percentile of Income) 

 Income quarter: (Ref.: 

0-25th percentile of 

Income) 

 

25-50th percentile of  -0.0337 25-50th percentile of  -0.0415 

 (0.0397)  (0.0427) 

50-75th percentile of 

Income 

-0.0385 50-75th percentile of 

Income 

-0.0490 

 (0.0418)  (0.0435) 

>75th percentile of Income -0.0294 >75th percentile of 

Income 

-0.0332 

 (0.0469)  (0.0473) 

25-50th* BMI z-score of  -0.00408 25-50th* BMI z-score of  -0.0325 

mother (0.0472) father (0.0468) 

50-75th* BMI z-score of 

mother 

-0.0425 50-75th* BMI z-score of 

father 

-0.0346 

 (0.0460)  (0.0457) 

>75th* BMI z-score of 

mother 

0.0124 >75th* BMI z-score of 

father 

0.0317 

 (0.0528)  (0.0465) 

Observations 9,420 Observations 9,420 

R-squared  0.225 R-squared 0.225 
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 (1)  (2) 

 Mother-child   Father-child  

 Dependent variable : BMI z-score of child 

 Model 2  Model 2  

BMI z-score of mother 0.201*** BMI z-score of father 0.172*** 

 (0.0297)  (0.0266) 

Highest education degree 

obtained: (Ref.: Primary and 

below) 

 Occupation: (Ref.: 

famer)  

 

High school 0.0481 Skilled/non- skilled/  

 

0.0210 

 (0.0357) service worker and 

other 

(0.0350) 

Technical and Tertiary  0.161** Professional/technical/  0.0662 

 (0.0713) administrator/ 

executive/manager/ 

office 

(0.0488) 

High school* BMI z-score  -0.0150 Skilled/non- 0.0496 

of mother (0.0380) skilled/service worker 

and other* BMI z-score 

of father 

(0.0344) 

Technical and Tertiary*  -0.0524 Professional/technical/  0.0146 

BMI z-score of mother (0.0700) administrator/executive/

manager/office* BMI z-

score of father 

(0.0442) 

Observations 9,536 Observations 9,439 

R-squared 0.224 R-squared 0.224 
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            (1)  (2) 

 Mother-child   Father-child  

 Dependent variable : BMI z-score of child 

 Model 3  Model 3  

BMI z-score of mother 0.212*** BMI z-score of father 0.155*** 

 (0.0327)  (0.0330) 

The proportion of time in 

poverty over the survey years: 

(Ref.: 75%-100% of time in 

poverty) 

 The proportion of time in 

poverty over the survey 

years: (Ref.: 75%-100% of 

time in poverty) 

 

50-75% of time in poverty -0.0381 50-75% of time in poverty -0.0246 

 (0.0518)  (0.0537) 

1-50% of time in poverty -0.00639 1-50% of time in poverty -0.0117 

 (0.0492)  (0.0498) 

Never in poverty 0.0671 Never in poverty 0.0698 

 (0.0640)  (0.0637) 

50-75% of time in poverty  -0.0390 50-75% of time in poverty  0.0706 

*BMI z-score of mother (0.0632) *BMI z-score of father (0.0583) 

1-50% of time in poverty -0.0412 1-50% of time in poverty  -0.0186 

*BMI z-score of mother (0.0539) *BMI z-score of father (0.0503) 

Never in poverty* BMI  -0.0251 Never in poverty* BMI  0.0682* 

z-score of mother (0.0416) z-score of father (0.0383) 

Observations 9,536 Observations 9,536 

R-squared 0.225 R-squared 0.225 

 

Note: the regression also includes: age dummies of child, gender of child and the interactions between them,   
father and mother’s age, the category of household income per capita, household size, the type of father’s 

occupation, the highest education degree of mother, provincial fixed effects, year fixed effects and the 

interactions between them. Standard errors are clustered at the household level in parentheses, *** p<0.01, ** 

p<0.05, * p<0.1 

 

 

       As another test for the variability of intergenerational BMI z-score correlation with respect 

to family socioeconomic factors, we estimate this correlation in sub-samples divided with 

respect to these indicators. The results are presented in Table 3.7. Using the quartiles of 

household income per capita, the correlation between mother and child’s BMI z-score ranges 

from 0.158 in the third quartile to 0.240 in the second quartile; using sub samples divided by 

mother’s education levels, the results suggest there is a stronger correlation between mother 

and child’s BMI z-score at the lower levels (primary and below) and higher levels (technical 

and tertiary) of mother’s education; the results from sub-samples divided by poverty duration 

provides a similar pattern: the correlation between mother and child’s BMI z-score tends to be 

higher for families that were observed in poverty for the longest time (15-100%) and never in 

poverty than those that were in poverty for 1-50% and 50-75% of the time. Therefore, based 

on sub-samples divided with respect to three socioeconomic indicators, the correlation between 
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mother and child’s BMI z-score seems stronger for the poorer and richer families, though this 

pattern is not particularly strong. 

 

Table 3.7:  Intergenerational correlation of BMI z-score between mother and child by 

SES measures: by income level, mother’s education and world poverty line  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: the regression also includes: age dummies of child, gender of child and the interactions between them,   
father and mother’s age, the category of household income per capita, household size, the type of father’s 

occupation, the highest education degree of mother, provincial fixed effects, year fixed effects and the interactions 

between them. Standard errors are clustered at the household level in parentheses, *** p<0.01, ** p<0.05, * p<0.1

  

       

      Similarly, we estimate the correlation between father and child’s BMI z-score in sub 

samples divided by different socioeconomic indicators. The results are given in Table 3.8. They 

suggest that measured by the quartile of household income, the correlation between father and 

child’s BMI seems slightly stronger for families at the lower income level (<25th percentile of 

income) and higher income level (>75th percentile of income) than for those at the middle levels, 

but we do not see a pattern in this correlation when the sample is divided with respect to the 

type of father’s occupation and poverty durations. To summarize, the intergenerational 

correlation of BMI does vary significantly with the socioeconomic indicators used in this study. 

 

 

 Sample 

size 

Coefficient Std. Error R-squared 

<25th percentile of Income 1,777 0.186*** 0.0433 0.289 

25-50th percentile of 

Income  

2,162 0.240*** 0.0353 0.280 

50-75th percentile of 

Income 

2,621 0.158*** 0.0319 0.264 

>75th percentile of Income  2,860 0.217*** 0.0398 0.225 

Primary school and below  3,066 0.211*** 0.0301 0.276 

lower and upper middle 

school 

5,870 0.190*** 0.0253 0.222 

Technical and Tertiary 600 0.231*** 0.0702 0.299 

75-100% of time in poverty 2,577 0.226*** 0.0344 0.271 

50-75% of time in poverty  1,009 0.161*** 0.0580 0.360 

1-50% of time in poverty 1,091 0.171*** 0.0486 0.285 

Never in poverty 4,859 0.188*** 0.0280 0.220 
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Table 3.8: Intergenerational correlation of BMI z-score between father and child by 

SES measures: by income level, father’s occupation and world poverty line 

 

 Sample 

size 

Coefficient  Std. Error R-squared 

<25th percentile of Income 1,777 0.197*** 0.0428 0.289 

25-50th percentile of Income 2,162 0.178*** 0.0351 0.280 

50-75th percentile of Income 2,621 0.180*** 0.0286 0.264 

>75th percentile of Income 2,860 0.228*** 0.0285 0.225 

Farmer 4,126 0.172*** 0.0271 0.272 

Skilled/non-skilled/service worker and 

other 

3,670 0.215*** 0.0261 0.233 

Professional/technical/ 

administrator/executive/manager/office  

1,643 0.158*** 0.0389 0.224 

75-100% of time in poverty 2,577 0.165*** 0.0341 0.271 

50-75% of time in poverty  1,009 0.204*** 0.0559 0.360 

1-50% of time in poverty 1,091 0.126*** 0.0444 0.285 

Never in poverty 4,859 0.219*** 0.0221 0.220 

Note: the regression also includes: age dummies of child, gender of child and the interactions between them ,   
father and mother’s age, the category of household income per capita, household size, the type of father’s 

occupation, the highest education degree of mother, provincial fixed effects, year fixed effects and the interactions 

between them. Standard errors are clustered at the household level in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

3.5.3 Quantile Estimation  

 

      Thus far, the intergenerational correlation of BMI z-score are estimated at the conditional 

mean of child’s BMI. It is likely this relationship varies significantly for children at the thinner 

end and fatter end of the distribution, therefore, next we apply quantile estimation to explore 

the variation of this intergenerational relationship across the distribution of child’s BMI z-score.  
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Figure 3.5: Quantile estimates of the intergenerational correlation of BMI z-score 

relative to OLS estimates28 

 

  

 

    

                                                             
28 Shaded area is 95% confidential intervals. 
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     Based on equation (3.1), Figure 3.5 shows quantile estimates of the relationship between 

father and child’s BMI z-score across the distribution of child’s BMI z-score in the sample. We 

see this relationship increases throughout the quantiles of child’s BMI, with coefficients at the 

median (around 0.23) close to coefficients at the mean (the OLS estimates, 0.24 in column (5) 

of Table 3.1), the correlation between father’s and child’s BMI z-score is around 0.31 at the 

fattest end of the distribution (the 90th), and around 0.18 at the thinnest end of the distribution 

(the 5th). A similar pattern emerges when we apply quantile estimation to estimate the 

relationship between mother and child’s BMI z-score, with a slightly lower magnitude than in 

the case of father and child’s BMI correlation. Therefore, the estimates of intergenerational 

dependence in BMI tends to be stronger among children of higher BMI levels, these results 

imply that the common environmental and genetic factors shared between parents and child 

tend to have a larger effect on children of higher BMI.  

      These results are of general interest in that they suggest that the transmission of “obesity” 

is a trait that is much more strongly transmitted across generations for families with fatter 

children. Those children with the highest adiposity, who are fat, are much more likely to have 

inherited this from their parents.  

 

3.5.4 Quantile Estimation for Children Aged 16-18 years Old 

 

      As discussed in the literature review, the studies on intergenerational income or education 

often concern the potential life cycle bias. In the case of health, this bias might affect both 

biological and environmental channels in the transmission mechanism: biological, the 

metabolism of body varies with age, studies show there is a decrease in resting metabolic rate 

(the number of calories burned when the body is at rest) with the increase of age (Fukagawa et 

al. 1990); environmental, the time and the way parents and children share the dietary and 

lifestyle varies with time, children might have more decisions over their dietary as they go to 

school and become more independent of their parents. To address this life cycle bias, some 

studies follow a similar approach as the studies on intergenerational earnings transmission 

(Classen 2010). However, this same life stage match approach requires the data to cover the 

adulthood of the child and hence this approach is not implementable with the CHNS data we 

have. Nonetheless, as a response to the potential bias due to the unobserved heterogeneity 
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associated with age, we restrict our sample to children aged between 16 and 18 years 

(approaching adults) and apply quantile estimation on this sample.  

     In this sample, there are 1,360 observations of children with father and mother.  For this 

restricted sample, using equation (3.1), the quantile estimates are displayed in Figure 3.6. They 

suggest that for these children aged between 16 and 18 years old, the intergenerational 

persistence in BMI z-score are highest at the fattest end of BMI distribution (with an estimate 

of around 0.30 for father-child and 0.21 for mother-child). Compared with the pattern from the 

full sample (Figure 3.5), we can see that the degree of intergenerational transmission in BMI 

z-score varies with the stage of lifecycle, this motivates our analysis by age group in the next 

section.  

 

Figure 3.6: Quantile estimates of intergenerational correlation of BMI z-score on 

Children aged 16-18 years old    

 

 

 



70 

 

 
 

 

 

3.5.5 Estimation by Age Group 

 

      We see the intergenerational correlation of BMI z-score varies with cohorts of different life 

stages. In this respect our results may be sensitive to the age range over which children are 

observed. To explore the change of this correlation with age, we estimate the intergenerational 

correlation of BMI z-score separately by age group at two year intervals. The results are 

provided in Table 3.9 and Figure 3.729. They suggest that this correlation increases until the 

children are aged between eight and ten years old, when the estimates of the intergenerational 

BMI correlation reach around 0.29 for father-child and 0.23 for mother-child. This increase is 

followed by a decline over the rest of the childhood before the children enter adulthood for 

mother-child, whereas a fluctuation for father-child. Therefore, the common environment and 

genes that parents and child share together, play a greater role in the intergenerational 

transmission of BMI when children are aged between 8-12 years old, than other childhood 

stages prior to adulthood. One potential explanation is that before this pre-puberty stage, the 

effects of inherited genes from their parents exert the maximum influence. Whereas, after this 

stage, children spend less time with their parents, and exercise more control over their own 

dietary and exercise choices and hence the effects of a common family environment decline. 

                                                             
29 It should be remembered that this is the pooled sample, so each individual children can appear more than once 

in the data as they age. 
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Based on the sample aged 16-18 years old, the estimates for the BMI correlation between 

parents and children within this age range might be close to the estimates for the correlation 

between parents and adult children’s BMI (the correlation of  long-term BMI). However, this 

is not our central interest in this study, we are mainly interested in the correlation between 

parents and children’s BMI.  

 

Table 3.9 : OLS estimates of the intergenerational correlation of BMI by age group 

  Father and Child Mother and Child 

Age Group (years) Obs Coefficient Std. Error Coefficient Std. Error 

0-2 1,536 0.121*** 0.0452 0.243*** 0.0514 

2-4 1,438 0.122*** 0.0386 0.153*** 0.0433 

4-6 1,554 0.249*** 0.0356 0.257*** 0.0388 

6-8 1,620 0.274*** 0.0333 0.238*** 0.0369 

8-10 1,775 0.349*** 0.0314 0.302*** 0.0344 

10-12 1,966 0.276*** 0.0291 0.280*** 0.0292 

12-14 1,876 0.300*** 0.0262 0.268*** 0.0295 

14-16 1,572 0.221*** 0.0248 0.217*** 0.0294 

16-18 606 0.163*** 0.0449 0.0925** 0.0398 

Note: the regression also includes: age dummies of child, gender of child and the interactions between them ,   
father and mother’s age. Standard errors are clustered at the household level in parentheses, *** p<0.01, ** p<0.05, 

* p<0.1 
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Figure 3. 7 : Estimates of the intergenerational relatsionship of BMI z-score by age 

group            
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3.6 Conclusions and Implications  

 

       Based on the CHNS longitudinal data from 1989 to 2009 and using BMI z-score as 

the measure of adiposity, we estimate the intergenerational correlation of BMI z-score in 

China. We use the OLS estimates as the main estimates of the intergenerational BMI 

correlation, since it indicates the basic underlying intergenerational correlation, and it is 

comparable with the intergenerational correlation of income or education, which are 

mostly based on cross-section data. The OLS estimates suggest one standard deviation 

increase in father’s BMI z-score is associated with an increase of 0.20 in child’s BMI z-

score, and this figure is around 0.22 for the correlation between mother and child’s BMI 

z-score. These estimates decreases to around 0.14 for father-child and 0.12 for mother-

child when we control for the household fixed effects, similarly when we control for the 

individual fixed effects. The fixed effects estimates provide some evidence for the rather 

strong effects of short term environmental factors in the intergenerational transmission of 

body weight. 

       In terms of the heterogeneity of this correlation, this intergenerational correlation of 

BMI z-score does not vary substantially with family SES indicators; it tends to be higher 

among children of higher BMI levels, though this tendency becomes weaker when we use 

the sub sample of approaching adult children (children aged 16-18 years old). 
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Additionally, the change of this intergenerational relationship during child’s growth 

indicates that it tends to be higher over the stage between the childhood and the later 

adolescence. 

      As in the previous chapter, our findings indicate the importance of family and parents 

in determining the health status of children, they enhance the increasingly prevalent view 

that government policies to promote child health should be directed towards the parents 

which are the health care providers (Graham and Chris 2004). In particular the strong 

short term environmental effects suggested by the fixed effects estimates imply a potential 

role for the family-based interventions to play by promoting a healthy lifestyle for the 

parents (Marion 2006, Moria 2006).  
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Chapter 4: Health Selectivity of Migrants: The Case of Internal 

Migration in China 

 

4.1 Introduction 

 

       Health, as an important component of human capital, is connected with migration in 

various ways. Studies on migration and health mostly concern the trajectory of migrant 

health associated with migration, which includes what happens before migration in terms 

of health (called health selectivity where migrants are selected on health traits) and what 

happens after people migrate (called acculturation and partly concerns the impact of 

migration on migrant health) (Jasso et al. 2004). The latter strand of literature largely 

compares the health of migrants with that of the population in the destination, which is 

comprised of one of the most significant propositions in the related studies: the 

“Epidemiological paradox” (or “health immigrant effects” or “healthy migrant 

phenomena”). It states that immigrants appear healthier when compared to native-born 

populations, in spite of the socioeconomic disadvantages and limited access to health care, 

with this health outcome often indicated by mortality rates, chronic conditions or 

disabilities, mental health and self-reported health (Chen, Wilkins, and Ng 1996, Marmot 

et al. 1984, Frisbie, Cho, and Hummer 2001, Hummer et al. 2007). There are three main 

explanations for this phenomenon: “healthy migrant theory” (migrants are healthier 

because they only represent a selectively healthy group rather than the whole population 

at the origin), cultural factors (migrants are healthier because of their better health habits, 

behaviours from their origins), and “salmon bias hypothesis”30 (migrants are healthier 

because less healthy migrants return to their origins). Some studies also argue that the 

better health of migrants might be attributed to other unobservable factors, such as certain 

activities or cultural factors shared by the same community (Abraido-Lanza et al. 1999, 

Kennedy, McDonald, and Biddle 2006).  

                                                             
30 “Salmon bias hypothesis” postulates that Hispanic people return to Mexico after temporary 

employment, retirement or severe illness, meaning that their deaths occur in Mexico and are not taken 

into account by mortality reports in the United States (Abraido-Lanza et al. 1999). 
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      Among these explanations, “healthy migrant theory” posits that migrants tend to be 

positively selected on health traits and are in better health than those who do not migrate31 

(Findley 1988, Palloni and Morenoff 2001). There has been little research into the 

theoretical investigation of this relationship and empirical evidence on this “healthy 

migrant theory” remains scarce. This is largely due to the lack of data, which requires 

information on migrants and those who do not migrate in the places of origin prior to 

migration. Based on the limited data, existing studies usually compare migrants and those 

who do not migrate when they are observed just before migration and when they are 

observed just after migration. The relationship obtained from this short time-period 

“difference in difference” does not allow for the long term effects of health (proxied by 

the lagged health) on migration behaviour. Additionally, health effects might operate 

through education and/or occupation. These distant effects of health (lagged health effects 

and health effects via other factors, such as occupation) are important but have received 

little attention in previous studies. This current study will investigate both the indirect and 

direct effects.  

      This chapter is organised as follows. Firstly, we review relevant literature focusing 

on the context of international migration and internal migration in China. Then, we 

establish our theoretical model to ascertain the selectivity of health. Thirdly, we discuss 

the data and provide summary statistics for variables used in the empirical analysis. 

Fourthly, we describe the empirical model and present and discuss the empirical results. 

Finally, we summarise the main findings and present concluding remarks.  

 

4.2 Literature Review 

4.2.1 International Evidence 

 

       Current studies are mainly conducted in the context of US-Mexican migration. They 

are often flawed by making a comparison with an inappropriate reference group. For 

instance, using New Immigrant Survey 2003 cohort data, Akresh and Frank (2008) 

compare the self-assessed health of migrants in the US with that of residents in the origin 

communities, finding that the extent of positive health selection varies significantly across 

                                                             
31 There is another version of “healthy migrant theory” stating that migrants tend to be healthier than the 

residents when they arrive at the destination. 
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immigrant groups and is related to compositional differences in migrants’ socioeconomic 

profiles. However, this comparison is based on health outcomes after migration, so the 

health of migrants in the US and that of residents in the origin communities have been 

affected by different factors. Therefore, this “post-migration sample based” comparison 

is not a test of the “healthy migrant hypothesis”, where the comparison is supposed to be 

made between migrants and those who do not migrate in the sending communities prior 

to migration. In the latter category, Rubalcava et al. (2008) use nationally representative 

longitudinal data from a Mexican Family Life Survey to examine whether recent migrants 

from Mexico to the United States are healthier than other Mexicans. By applying a logistic 

model, they investigate the effects of health and education on migration decision, where 

the migration occurs between surveys in 2002 and 2005, and the health and education 

indicators were measured in 2002. Their results suggest weak “positive selectivity” (the 

association of migrant health with their subsequent migration) among females and rural 

males. However, few health indicators were found to be statistically significant. Largely 

owing to the longitudinal structure of MxFLS data, which allows one to observe migrants 

and non-migrants in their origin communities at the initial time of migration, these results 

might provide some valid evidence on how health differs between migrants and non-

migrants before migration, thus shedding some light on the verification of the “healthy 

migrant hypothesis”.  

       Based on 1997 and 2000 waves in the Indonesian Family Life Survey (IFLS), Lu 

(2008) applies the same strategy to a sample comprised of individuals aged from 18-75 

years old. Using a logistic model, she estimates the effects of health on migration, where 

health was measured by “problem with ADLs”32 and other health variables in 1997, and 

migration occurs between 1997 and 2000.  To estimate how the selection varies according 

to the reasons for migration, she also conducts multinomial logistic regressions to 

disaggregate migration by purpose, and applies household fixed effects to adjust for 

household unobserved heterogeneity. She finds that migrants tend to be selected on health 

traits, with the direction and size varying with the type of migration. Younger migrants 

are positively selected with respect to health, whereas older migrants are negatively 

selected. She argues that this might be because older people often migrate to seek health 

care, whereas younger migrants migrate mainly for labour market outcomes, so for them, 

                                                             
32 The question is asked as "Having difficulties to carry out daily activities during the last three months" 

in the 2004 question, and as "Trouble working due to illness for the last 3 months" in the 2009 

questionnaire. 
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especially for the labour migrants, they appear to be negatively selected for chronic health 

conditions and disabilities, as reflected in the inability to perform “Activities of Daily 

Living”.  

      In summary, in international literature, current studies on “health selectivity” remain 

scarce, largely due to the lack of data on the health of movers and stayers in the sending 

communities at the time of migration. The existing studies are mostly based on two-wave 

longitudinal surveys and mainly predict migration behaviours in between the two waves 

on health outcomes in the previous wave. These results mainly suggest a weak and partial 

“positive selectivity” among migrants. However, due to the short term nature of this 

longitudinal data, what these results provide is mainly a short-term correlation between 

health and migration.  

 

4.2.2 Evidence for China 

 

       In the context of China, studies on the health selectivity of migrants are scarce. Some 

studies provide indirect evidence for positive health selectivity among migrants. Using a 

rural household survey conducted by a research institute in China’s Ministry of 

Agriculture and covering two provinces from 2003 to 2006, Wu (2010) applies a two-

step selection bias correction model in the estimation of earnings. In this two-step setting, 

the 1st step, the employment choice model (actually an occupation model), is conducted 

to generate bias correction terms for the 2nd step, earnings, so as to purge the selection 

bias due to the unobserved characteristics associated with migration. Since this 1st step is 

a model for self-selection in migration, it generates predictions about how migrants 

compare with their home population. Therefore, it provides insight into the determinants 

of individuals’ migration decisions. Wu (2010)’s results suggest that youths, men, better 

educated and healthy individuals are more likely to participate in migration.  

       A recent study is based on a longer panel survey that covers four waves (1997-2009) 

of the China Health and Nutrition Survey (CHNS). Using a sample composed of 

individuals aged 16-35 years old, Tong and Piotrowski (2012) apply binary probit 

regressions of current migration status on the health variables in the previous wave, 

finding that migrants are positively selected on the basis of health, with the relationship 

between health and migration becoming less marked in later years. Though Tong and 
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Piotrowski (2012) use a relatively long span of longitudinal data, they basically pool the 

data in waves and only estimate the association of health with migration between one 

wave and the next for around three years.  In this study, we attempt to provide evidence 

on the effects of earlier health on migration by exploiting the repeated observations in 

this longitudinal data. In addition, health selectivity might vary with the type of 

occupation migrants expect to get at the destination, since different occupational types 

require different health levels. Given that the occupations at the place of origin are often 

closely correlated to the prospective occupations migrants take in the destination, we will 

explore the variation of health effects by occupation.  In addition, some exercises will be 

conducted to ascertain how these effects vary by education and age groups, and how we 

measure the health (using different health indices). 

 

4.3 Theoretical Model 

 

       This section develops a migration model that describes health effects on migration. 

Firstly, we discuss Jasso et al. (2004)’s model, which is based on a benefit-cost framework 

and in which health effects mainly operate through skill and labour supply. However, the 

relationship between health and other factors in Jasso et al. (2004)’s model is too 

complicated for practical use (predicting health effects is not straightforward) and was 

not used by its authors in any formal way.  Instead, we modify Borjas (1987)’s model on 

the self-selection of US immigrants,  although in his case, the selection is based on 

unobserved individual characteristics. We follow Borjas (1987)’s structure and develop 

a probit model based on selectivity by health (illustrating the marginal effects of health).  

        In the model, migration is considered as an investment in a benefit-cost framework 

(Sjaastad 1962). Migration costs include monetary costs (such as the increase in 

expenditure for lodgings and transportation) 𝐶0, and non-money costs, such as “psychic” 

costs 𝐶, which continues over time (since people are usually reluctant to leave familiar 

surroundings). The expected benefits if people remain in their original communities are 

denoted by 𝑊𝑠, and the expected benefits if people migrate to the receiving communities 

denoted by 𝑊𝑟. Since this study is dominated by rural-urban migration, we define the 

rural area as the sending area and the urban area as the receiving area. For convenience 

of exposition, the costs and expected benefits are assumed constant through time.  
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         Under the Chinese household registration system, the medical care systems are 

directly shaped by the rural-urban dualist structure. In the rural areas, a rural Cooperative 

Medical System was started in the end of the 1960s, it was dropped by counties and the 

coverage rate was only around 5% in 1985 (Liu and Cao, 1992). The rural population 

were mostly uninsured during the period between 1985 and 2003. To solve this lack of 

health insurance among the rural residents, the Chinese government launched the New 

Cooperative Medical Insurance in 2003, this program has expanded rapidly, the number 

of counties covered rose from 310 in 2004 to 2451 in 2007, and the number of participants 

reached 0.73 billion (Lei and Lin, 2009). In urban areas, the medical system was different, 

this system requires all the employees of urban enterprises to join the system, and this 

medical care scheme does not cover migrant workers33. Migrants do not have adequate 

access to health care, a survey in 2000 found that less than 3% were covered by health 

insurance schemes (Tang et al., 2008). This lack of access to urban health care system for 

rural migrants might affect the self-selection of migrants and also the health effects on 

migration: First, young and healthy people are more likely to migrate than elderly and 

unhealthy people; second, elderly and sick migrants tend to return to avoid the high 

medical costs in cities (Hu, Cook, & Salazar, 2008)  

 

4.3.1 Model 

 

        We start with what is essentially Jasso et al. (2004)’s model.  To simplify, we do not 

discuss how the length of time 𝑇 migrants expect to settle at the receiving communities 

is determined; rather, 𝑇 is assumed infinite and the same for everyone. People foresee and 

discount the future, with the discount rate assumed to be constant and denoted by 𝑖 (|𝑖| <

1). As a result, the present value of the expected migration benefits are denoted by  

 ∑ 𝑊(1 − 𝑖)𝑡∞
𝑡=0 =

𝑊

𝑖
                                                                                               (4.1) 

where the discounted benefits are summarised over the migration period 𝑇  (from period 

0 to infinity). Applying this to both the expected benefits and costs, the migration decision 

                                                             
33 See Biao (2003) for a detailed description of the urban medical care system. 
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will be made if the present value (discounted stream) of the net benefits of migration 

exceed the cost.  

𝑊𝑟

𝑖
 - 

𝑊𝑠

𝑖
 - 

𝐶

𝑖
 -𝑐0 ≥ 0                                                                                                 (4.2) 

Multiplying the equation (4.2) by discount rate 𝑖,  we obtain  

𝑊𝑟 − 𝑊𝑠 − 𝑖𝐶0 − 𝐶 > 0                                                                                               (4.3) 

where  𝑖𝐶0 denotes the annualised  amount of fixed costs. Following Jasso et al. (2004)’s 

model on migrant selectivity, the expected benefits are determined by the skills 𝑘 and 

labour supply 𝑙  of the migrants, and wage 𝑤  in the receiving community  𝑟  and the 

sending community 𝑠: 

𝑊𝑠 = 𝑤𝑠 𝑘𝑠𝑙𝑠                        𝑊𝑟 = 𝑤𝑟 𝑘𝑟𝑙𝑟                                                               (4.4)                              

The wage 𝑤 here is the “basic” wage, and it is augmented by skill 𝑘 and labour supply 𝑙. 

Since these factors (w, 𝑘, 𝑙) might not be perfectly transferable across areas, according to 

Jasso et al. (2004)’s model, the relationship of these factors between the sending 

communities 𝑠 and receiving communities 𝑟 might be as follows :    

𝑘𝑟 = 𝜃 𝑘𝑠                   𝑤𝑠 = 𝛽0+𝛽𝑤𝑟                        𝑙𝑟=𝛾 𝑙𝑠                                      (4.5) 

where 𝜃, 𝛽 and 𝛾 represent the degree of transferability in factor  𝑘, 𝑤 and 𝑙, respectively. 

𝜃, 𝛽 and 𝛾 might be indexed to reflect different levels of 𝑘, 𝑤 and 𝑙. For instance, 𝜃 might 

be larger for low skills than for high skills, since low skills might be more homogeneous 

across areas; on the other hand, there might also be reasons to presume that 𝜃 is larger for 

high skills since the recognition of high skills might be more general across the regions. 

Substituting equation (4.4) and (4.5) into equation (4.3), migration occurs if: 

𝑤𝑟 𝑘𝑠𝑙𝑠 (𝜃𝛾 −
𝛽0

𝑤𝑟
− 𝛽) − 𝑖𝐶0 − 𝐶 > 0                                                                    (4.6) 

Based on Jasso et al. (2004)’s model, health enters the migration decision mainly through 

skills 𝑘 and labour supply 𝑙. Let the base skill level be denoted by 𝑘0, skill in the sending 

communities 𝑘𝑠 is a function of ℎ𝑠, and the same applies to labour supply 𝑙. 

𝑘𝑠 = 𝑘0 + 𝛿ℎ𝑠                                          𝑙𝑠 = 𝑙0 + 휀ℎ𝑠                                         (4.7) 
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Substituting equation (4.7) into (4.6), we obtain a migration model that incorporates the 

health factors.  

𝑤𝑟 (𝑘0 + 𝛿ℎ𝑠)(𝑙0 + 휀ℎ𝑠) (𝜃𝛾 −
𝛽0

𝑤𝑟
− 𝛽) − 𝑖𝐶0 − 𝐶 > 0                                       (4.8)          

       Thus far, this model essentially follows Jasso et al. (2004)’s migration model on 

initial health selectivity, which might be the only formal statement of a model on the 

health selection of migrants. However, this model is rather arbitrary and complicated. As 

equation (4.8) shows, there are many parameters and interactions; it does not really define 

selectivity and it is not clear how they derive the relationship of the degree of selectivity 

with other factors based on the model. Additionally, Jasso et al. (2004) do not actually 

use the model in their empirical work; their theoretical model is based on wages in 

sending areas 𝑤𝑟 , whereas in their empirical work, they use real GDP per worker in the 

home country.  

        Jasso et al. (2004)’s empirical work mainly tests the relationship of health and skill 

selectivity with skill prices in the home country. Using the log of real GDP per worker as 

the country-specific skill price determinant and a self-reported health index (scaled from 

1 (=excellent) to 5 (=poor)) as the measure of health, Jasso et al. (2004) estimate the 

determinants of ln (home country earnings) in a GLS model include the log of real GDP 

per worker and the average worker skill in the home country. Similarly, they estimate an 

ordered logit model for self-reported health. The results suggest that the log of real GDP 

per worker positively correlates with home country earnings and negatively correlates 

with the health index; the average worker skill negatively correlates with home country 

earnings and positively correlates with the health index. Jasso et al. (2004) argue that 

these results together suggest immigrants from countries with high skill prices might be 

positively selected according to their skill and health. 

        To make this model more formal and more empirically applicable, we turn to Borjas 

(1988)’s approach (Borjas selection model), which is a simple formulation of the Roy 

model. Roy (1951) associates the distribution of earnings with the distributions of various 

kinds of human capital and techniques in different occupations. More specifically, it states 

that there are three factors that affect the optimising choices of workers’ selected 

occupations: the distribution of skills and abilities; the correlations among these skills in 

the population; and the technologies for applying these skills. Borjas' (1987) paper on 
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“Self-selection and the earnings of immigrants” is the first paper presenting a simple, 

parametric 2-sector Roy model (Autor 2003). In this model, Borjas (1987)  assumes that 

the log of wages in the sending countries is normally distributed, 

 ln 𝑤0 = 𝜇0 + 휀0       where 휀0~𝑁(0, 𝜎0
2)  

And the same with the log of income in the United States (the receiving country), 

ln 𝑤1 = 𝜇1 + 휀1        where 휀1~𝑁(0, 𝜎1
2)  

𝜇0  and 𝜇1  are the observable socioeconomic variables, 휀0  and 휀1  are the unobserved 

characteristics. The model focuses on the impact of selection bias on  휀0 and 휀1. If 𝜋 

denotes a “time-equivalent” measure of migration costs, the probability of migration from 

the sending countries can be written as a probit model: 

𝑃 = Pr[𝑣 > −(𝜇1 − 𝜇0 − 𝜋)] = 1 − Φ (𝑍)                                                            (4.9)                              

where 𝑣 = 휀1 − 휀0, 𝑍 = −(𝜇1 − 𝜇0 − 𝜋)/𝜎𝑣, and Φ is the standard normal distribution 

function.  

      Borjas' (1987) model is driven by the unobserved heterogeneity 𝑣 = 휀1 − 휀0; however, 

our model is driven by the psychic costs 𝐶, which is assumed to be normally distributed 

to capture the heterogeneity across individuals. We adopt a more normal notation �̃�𝑗 for 

this random element 𝐶, �̃�𝑗 = 𝑣𝑗 + �̅�, where �̅� denotes the average psychic costs of being 

away, which is absorbed into the fixed costs 𝑖𝐶0; 𝑣𝑗 captures the part that varies across 

individuals. In other words, �̃�𝑗~𝑁(�̅�, 𝜎2)  and 𝑣𝑗 = (�̃�𝑗 − �̅�)~𝑁(0, 𝜎2) . We apply 

Borjas' (1987) selection model to model the selection of initial health. Putting equation 

(4.3) in the probit model, the probability of migration can be written as: 

𝑃𝑟𝑜𝑏 (𝑚𝑗) = 𝑃𝑟𝑜𝑏(𝑣𝑗 ≤ 𝑊𝑟 − 𝑊𝑠 − 𝑖𝐶0)                                                               (4.10) 

where 𝑊𝑟 and 𝑊𝑠 are exogenous, 𝑊𝑟 − 𝑊𝑠 − 𝑖𝐶0 can be seen as the net benefits, they are 

the deterministic factors that comprise: 

𝑃𝑟𝑜𝑏(𝑣𝑗 ≤ 𝑍) = Φ (𝑍)                                                                                             (4.11) 

The probability of random elements being less than the deterministic factors is the 

cumulative distribution function (CDF) of the standard normal random variable  𝑍, with 

Φ(𝑍) being the univariate normal distribution.  
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Figure 4.1: The normal distribution and the threshold 

   

 

       One way of thinking about this model is in the following way: the wage differential 

𝑊𝑟 − 𝑊𝑠 is exogenous, the psychic costs 𝐶 is normally distributed and the fixed costs 𝑖𝐶0 

is the threshold. As Figure 4.1 suggests, there are two normal distributions of  𝑊𝑟 − 𝑊𝑠 −

𝐶, with means of 𝜇1 and 𝜇2respectively. Variability is captured by 𝐶 and is normally 

distributed. Assuming less than half of the population migrate and thus the mean (𝜇) of 

the distribution is lower than the threshold, the threshold stands at the right tail of the 

distribution. The probability of migration 𝑃 depends on how close the mean of the 

distribution is to the threshold. For instance, for the distribution with the mean 𝜇2, the 

probability of migration is higher than a situation where the mean is 𝜇1, since 𝜇2 is closer 

to the threshold 𝑖𝐶0 than 𝜇1. Similarly, 
𝑑𝑃

𝑑𝑍
 and 

𝑑𝑃

𝑑𝐶
 would be higher when the mean is 𝜇2 

than a situation when the mean is 𝜇1. 

      Selectivity for health concerns whether the probability of migration is positively or 

negatively related to health. In the context of the migration model established earlier (see 

equation (4.10)), the health effects relate to the change in the net benefits that are 

associated with the change in health. This marginal effect of health is obtained by 

differentiating the probability of migration with respect to health ℎ: 

µ1 µ2 iCo

Normal Distributions and the Threshold
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𝜕𝑃𝑟𝑜𝑏(𝑚=1)

𝜕ℎ
=

𝜕𝑃

𝜕𝑍

𝜕𝑍

𝜕ℎ
                                                                             (4.12) 

where 𝑃 denotes the probability of migration. Equation (4.12) suggests that the marginal 

effects of health depend on the values  
𝜕𝑃

𝜕𝑍
 and 

𝜕𝑍

𝜕ℎ
. In other words, the effects of health on 

migration probability depend on how much the move in the mean of 𝑍  affects the 

migration probability and how much health ℎ affects 𝑍. 

       As mentioned earlier, 𝑍 subsumes the deterministic factors 𝑊𝑟 , 𝑊𝑠 and 𝑖𝐶0, based on 

Jasso et al. (2004)’s model mentioned earlier (equation (4.8)), which, in turn, depend on 

the factors 𝑤, 𝑘, 𝑙, ℎ, 𝐶 and 𝑖𝐶0. 

 

Figure 4.2: Marginal effects 

  

      As Figure 4.2 suggests, 𝑍 comprises the deterministic factors, such as health plus 𝐶, 

and so is normally distributed, the threshold 𝑇 exceeds which migration might occur is 

fixed. As in Figure 4.1, the threshold always stands at the right tail of the distribution. 

Any increase in 𝑍 increases the probability of migration, since any increase in 𝑍 increases 

the number of people above the threshold. Put in Figure 4.2, when the mean of the 

distribution shifts slightly from 𝜇1 to 𝜇2, the marginal shift of the distribution creates an 

additional amount of migration by exceeding the threshold by accordingly more; the 

A

µ1µ2 T

Marginal Effects
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amount of this extra increased migration depends on the height of the normal curve 
𝑑𝑃

𝑑𝑍
 at 

𝑇. All who would migrate with 𝜇 migrate with 𝜇2 , and in addition, people falling in 

shaded area 𝐴  now also migrate. For very small changes in 𝜇 , area 𝐴  essentially 

corresponds to the height of the normal curve at 𝑇. 

      Turning now to 
𝜕𝑍

𝜕ℎ
,  based on Jasso et al. (2004)’s framework mentioned earlier, 

substituting equations (4.4), (4.5) and (4.7) into equation (4.3), we obtain:  

𝑍 = 𝑤𝑟 (𝑘0 + 𝛿ℎ𝑠)(𝑙0 + 휀ℎ𝑠) (𝜃𝛾 −
𝛽0

𝑤𝑟
− 𝛽) − 𝑖𝐶0                                                   (4.13) 

Unfolding it, equation (4.13) can be written as:  

𝑍 = 𝑤𝑟 [𝑘0𝑙0 + (𝑘0휀 + 𝑙0𝛿)ℎ𝑠 +  𝛿휀ℎ𝑠
2] (𝜃𝛾 −

𝛽0

𝑤𝑟
− 𝛽) − 𝑖𝐶0                                   (4.14) 

The quadratic term in equation (4.14) might imply a quadratic effect of health if the health 

variable ℎ𝑠 is continuous34. Differentiating equation (4.14) with respect to ℎ, we obtain 

𝜕𝑍

𝜕ℎ
, which indicates how 𝑍 function moves from change ℎ.  

𝜕𝑍

𝜕ℎ
= 𝑤𝑟 (𝜃𝛾 −

𝛽0

𝑤𝑟
− 𝛽) [(𝑘0휀 + 𝑙0𝛿) +  2𝛿휀ℎ𝑠]                                                         (4.15)                      

Equation (4.15) suggests that 
𝜕𝑍

𝜕ℎ
 depends on the initial level of health and on 𝑘0 and 𝑙0, 

which vary by individual, and it also depends on 𝑤𝑟. 

      Equation (4.15) is overly complicated. To simplify it, we start by only considering 

wage 𝑤; assuming  𝑤 depends on health ℎ𝑗 which is assumed fixed now, the migration 

decision is made if the net wage gains exceed the costs. Let superscript 𝑗  index the 

individual, although for now the moving costs 𝑖𝐶0
𝑗
 are assumed equal across individuals.  

𝑊𝑟
𝑗

− 𝑊𝑠
𝑗

− 𝑖𝐶0
𝑗

− 𝐶𝑗 > 0                                                                                                (4.16) 

Assuming the relationship between wages in the receiving area 𝑊𝑟
𝑗
 and wages in the 

sending area 𝑊𝑠
𝑗
 is written as follows:  

                                                             
34 We tested this in the empirical model but it was not significant, so we dropped it.  
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𝑊𝑟
𝑗 = 𝛼 𝑊𝑠

𝑗
                                                                                                                     (4.17) 

where 𝛼 > 1. Substituting equation (4.17) into (4.16), the equation can be expressed in 

terms of wages in the sending area 𝑊𝑠
𝑗
 , which is what we have information on: 

(𝛼 − 1)𝑊𝑠
𝑗

− 𝑖𝐶0
𝑗

≥ 𝑣𝑗                                                                                                              (4.18) 

       As mentioned earlier, suppose 𝑊𝑠
𝑗
 is a function of health, 𝑊𝑠

𝑗 = 𝑊 (ℎ𝑗
) = 𝑊0(1 +

𝜆ℎ𝑗) , where 𝑊0 denotes the wage of this individual at the base level of health, 𝜆 denoting 

the marginal (average) effect of health on the wage, 𝜆 > 0, so 𝑊𝑠
𝑗
 increases as the level 

of health ℎ𝑗 increases.   

Therefore, we have  

𝑍𝑗 = (𝛼 − 1)𝑊𝑠
𝑗

 − 𝑖𝐶0
𝑗

= (𝛼 − 1)𝑊0(1 + 𝜆ℎ𝑗)  − 𝑖𝐶0
𝑗

≥ 𝑣𝑗                                      (4.19)                                                                                             

(𝛼 − 1)𝑊𝑠
𝑗

 − 𝑖𝐶0
𝑗
 are deterministic factors and they are denoted by 𝑍𝑗 , with 𝑣𝑗 denoting 

the random elements coming from the psychic costs 𝐶0
𝑗 . Differentiating this with respect 

to ℎ𝑗, we have: 

(
𝜕𝑍

𝜕ℎ
)𝑗 = (𝛼 − 1)

𝜕𝑊𝑠
𝑗

𝜕ℎ𝑗 = (𝛼 − 1)𝑊0𝜆                                                                             (4.20)                                             

 

4.3.2 Health Interacting with Wages 

 

       Equation (4.20) suggests that the health effects 
𝑑𝑃𝑗

𝑑𝑍𝑗

𝜕𝑍𝑗

𝜕ℎ𝑗
 vary with the level of 𝑊𝑠

𝑗
. 

Since the wage is not measured sufficiently well in the data (the best we can do is to 

measure it by dividing household income by the number of adults), in the empirical work, 

we use occupation and education as the proxies for wage 𝑊𝑠
𝑗
. Taking occupation as a 

proxy for 𝑊0 suggests that a “better” occupation will show a greater degree of health 

selectivity-i.e. 
𝜕𝑍

𝜕ℎ
 will be higher for better paid occupations. Unfortunately, however, both 

𝜆 and 𝛼 may also vary by occupation, possibly in off-setting ways. For example, the 

sensitivity of wage with respect to health, 𝜆, might be smaller for service work than 

construction work because it is more demanding in physical health, since usually work 
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requiring a lower education or skill level35 involves a higher standard (or level) of physical 

labour (Gagnon, Xenogiani, and Xing 2011); Similarly, (𝛼 − 1)  may also vary by 

occupation, with the rural-urban wage ratio 𝛼 potentially being larger for skilled more 

than unskilled work. In addition,  
𝑑𝑃𝑗

𝑑𝑍𝑗  also depends on the type of occupation. As 

discussed earlier in Figure 4.2, since 𝑍𝑗  comprises 𝑊𝑠
𝑗
 and 𝐶0

𝑗
, 𝑍𝑗  increases as the level 

of occupation increases, and this increases 
𝑑𝑃𝑗

𝑑𝑍𝑗
 by moving the mean to the right towards 

the threshold, thus increasing the probability of migration. Therefore, the marginal effects 

of health on migration probability 
𝑑𝑃𝑗

𝑑𝑍𝑗

𝜕𝑍𝑗

𝜕ℎ𝑗 varies with occupation (though we are unable 

to disentangle through which channel), which provides justification for the interaction of 

health ℎ𝑗 with occupation. 

        

4.3.3 Direct Effects  

 

      The health effects discussed thus far are mainly indirect effects that operate through 

wage 𝑊𝑠
𝑗
. In addition, health might also affect the migration decision in a direct way. For 

instance, unhealthy people might be less capable of handling hardship on the journey, 

especially for long distance migration. In that case, health might directly interact with the 

moving costs 𝐶0
𝑗. Suppose                                                     (4.21)                    

𝐶0
𝑗
 might be higher for unhealthy people, thus 

𝜕𝐶0
𝑗

𝜕ℎ𝑗 = 𝜏 < 0. Substituting equation (4.21) 

into equation (4.19), we obtain 

𝑍𝑗 = (𝛼 − 1)𝑊𝑠
𝑗
(ℎ𝑗) − 𝑖𝐶0

𝑗
= (𝛼 − 1)𝑊0(1 + 𝜆ℎ𝑗) − 𝑖(�̃� + 𝜏ℎ𝑗)                            (4.22) 

(
𝜕𝑍

𝜕ℎ
)𝑗 = (𝛼 − 1)𝑊0𝜆 − 𝑖𝜏                                                                                             (4.23) 

where (𝛼 − 1)𝑊0𝜆  varies with occupation, and 𝑖𝜏 captures the direct effects.  

 

                                                             
35 In this study, work at the lower education or skill levels can refer to a farmer or non-skilled worker, 

which includes: senior professional/technical worker; junior professional/technical worker; 

administrator/executive/manager and office staff. 
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4.3.4 Indirect Effects 

 

      In addition to these effects of health via occupation or education (the interaction), 

there is another “indirect” channel-health might operate through “skill selectivity”. These 

skills are often measured by educational attainment. Specifically, if there is education 

selectivity, it might pick up some of the health effects because health, especially early 

health, might affect migration through education (attainment). Using data from a birth 

cohort that has been followed from birth into middle age, Case, Fertig, and Paxson (2005) 

present that children who experience poor health from the age of 7 to 16 years have 

significantly lower educational attainment, with childhood health conditions having a 

lasting impact on health and socioeconomic status in middle adulthood. Based on panel 

data from the US (the NLSY79 survey), Gan and Gong (2007) apply a structural four-

stage model to clarify the mechanisms by which health and education interact with each 

other, finding that, on average, experiencing sickness before the age of 21 decreases 

education by 1.4 years. To account for the fact that 𝑘𝑗 might interact with ℎ𝑗, let  𝑘𝑗 be a 

function of ℎ𝑗, 𝑘𝑗 = 𝑘𝑗(ℎ𝑗), hence the wage 𝑊𝑠
𝑗
 is a function of skill 𝑘𝑗 and health ℎ𝑗: 

𝑊𝑠
𝑗

(𝑘𝑗, ℎ𝑗
) = 𝑊00𝑘𝑗(ℎ𝑗)(1 + 𝜆ℎ𝑗)                                                                         (4.24)                                                

where 𝑊00 is 𝑊0 purged of the effects of 𝑘𝑗, i.e. 𝑊0 without skill elements. The 

relationship between  𝑊0  and 𝑊00 can be written as: 

 𝑊0  = 𝑊00𝑘𝑗
                                                                                                            (4.25) 

     Thus, 𝑊00 in a sense captures the mean of the wages across skill levels, and is the same 

for all levels of skills within the community. Substituting equation (4.25) into equation 

(4.19) and (4.20) accordingly, we have  

(
𝑑𝑍

𝑑ℎ
)𝑗 = (𝛼 − 1)𝑊00[

𝜕𝑘𝑗

𝜕ℎ𝑗
+  𝜆𝑘𝑗 + 𝜆ℎ𝑗

𝜕𝑘𝑗

𝜕ℎ𝑗
] 

=(𝛼 − 1)𝑊00 𝜆𝑘𝑗 + (𝛼 − 1)𝑊00(1 + 𝜆ℎ𝑗)
𝜕𝑘𝑗

𝜕ℎ𝑗
                                                       (4.26) 

Equation (4.26) suggests (
𝑑𝑍

𝑑ℎ
)𝑗 depends on the levels of both 𝑘𝑗 and ℎ𝑗. This implies a 

quadratic term of ℎ𝑗 in 𝑍𝑗  after we incorporate 𝑘𝑗(ℎ𝑗).  
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      In fact, it is likely that skill 𝑘𝑗 is a function of lagged health (ℎ−1
𝑗

), rather than current 

health, and therefore can be treated as pre-determined and exogenous. In this case, the 

lagged health (ℎ−1
𝑗

) might have two effects, one via 𝑘𝑗  and another correlating with 

current health (ℎ𝑗); in the empirical work we will explore the relationship between lagged 

health and current health.  

 

4.3.5 Empirical Implementation 

 

       Health selectivity is the derivative of migration probability with respect to health  
𝑑𝑃𝑗

𝑑ℎ𝑗, 

it is the selectivity of individual effect and is positive if 
𝑑𝑃𝑗

𝑑ℎ𝑗 > 0. This is the definition we 

adopt in this study. There is an alternative definition of selectivity that is measured by 

how the average health of migrants differs from the average health of non-migrants, 

allowing for other characteristics and as one might see from tables of descriptive statistics. 

However, in that case, there is not necessarily a monotonic relationship between health 

and the probability of migration, as illustrated in Appendix 4.  

      In our model, for any given value of 𝑣𝑗, migration occurs if 

 

                                (𝛼 − 1)𝑊𝑠
𝑗
(ℎ𝑗) ≥ 𝑖𝐶0

𝑗
                                                                (4.27) 

Equation (4.27) suggests that if the costs 𝑖𝐶0
𝑗
 get higher, it requires a higher 

(𝛼 − 1)𝑊𝑠
𝑗
(ℎ𝑗) to overcome the threshold 𝑖𝐶0

𝑗
 , implying a higher 𝛼 (the rural-urban 

wage difference in large cities) or a higher wage 𝑊𝑠
𝑗

(ℎ𝑗
) , and then a higher level of 

health. In other words, having high health ℎ𝑗  will help to overcome the higher 

threshold 𝑖𝐶0
𝑗
. Thinking about internal migration in China in our model, 𝑖𝐶0 might be 

relatively high due to the household registration system, with the selectivity in 

ℎ𝑗potentially only being there for people with better health.  

      In the context of China, over half (around 65%) of the migrants are educated at the 

lower middle school level (Shi 2008), with a large proportion of the migrants working in 
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manufacturing and construction 36  (Meng and Zhang 2001). In the meantime, an 

increasing fraction of younger generation migrants are employed in the manufacturing 

industry 37 and tertiary sector38, while a declining proportion go into the construction 

sector 39 . Therefore, average health selectivity might change over time, even though 

average selectivity by occupation might remain the same.  

 

4.4 Data and Empirical Model 

4.4.1 Data 

 

      This study uses the China Health and Nutrition Longitudinal Survey, ranging from 

1989 to 2011 40 . This survey contains detailed information on health outcomes, 

demographics and the anthropometric measures of all members of the sampled 

households, including height and weight.  In addition, it includes information on 

economic and non-economic indicators, such as education, household income and labour 

market outcomes. 

       The sample used in this study comprises of individuals aged between 16 and 35 years 

old, by survey wave (i.e., aged 16-35 in 1997, 16-35 in 2000 and 16-35 in 2006; N=8,528 

cases pooled from the 1997-2009 waves) because this study mainly concerns work 

migration. Table 4.1 presents the number of times that individuals aged 16-35 years in 

the CHNS raw data (1989-2009) are repeatedly observed ( i.e. the number of individuals 

observed for different period lengths in the longitudinal data). Column 2 (observations 

3,323 with frequency 6,646) shows that 3,323 individuals were observed for two waves, 

with column 7 suggesting that 11 individuals were observed for seven waves.  Table 4.1 

presents the number of times that individuals aged 16-35 years old in the CHNS raw data 

                                                             
36  According to the National Bureau of Statistics, in 2009, nearly 39.1% of the migrants worked 

in manufacturing, about 17.3% in construction and more than 7.8% in wholesale and retail. Based on data 

from Beijing, Tianjing, Shanghai and Guangzhou in 2008, Cheng et al. (2013) present that around 76.9% 

of rural migrants work as competitive general workers, with “general” employees generally working as 

frontline commercial and service workers, manual workers and factory workers, undertaking repetitive 

tasks on assembly lines, low-skilled machine work and equipment operators.  
37 44.4% compared to 31.5 percent of the previous generation. 
38 From http://www.mckinsey.com/insights/urbanization/preparing_for urban billion in_china  
39 9.8% Compared to 27.8 percent of the previous generation. 
40 See appendix for a detailed introduction of the CHNS data. 

http://en.wikipedia.org/wiki/Manufacturing
http://en.wikipedia.org/wiki/Construction
http://www.mckinsey.com/insights/urbanization/preparing_for%20urban%20billion%20in_china
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(1989-2009) are repeatedly observed (i.e. the number of individuals which are observed 

for different lengths of period in the longitudinal data). In total there are 24,915 

observations. Column 2 (observations 3,323 with frequency 6,646) shows that 3,323 

individuals are observed for two waves,…, and column 7 suggests that 11 individuals are 

observed for seven waves. In our sample, the 8,528 observations are those who were 

observed at least once with all the variables used in the replication estimates (Table A4.5) 

realized. As we see, the attrition rate of the survey is relatively high41, so this might 

underestimate the amount of migration. However, in this study our main interest is not 

the propensity to migrate, rather, we are interested in the effects of health on migration. 

For people who were observed only once, we observed their health the time we observed 

them, then they were missing, which we treated as migration. It is not that we do not treat 

them as migrants when they are missing. Therefore, the fact that almost 50% of the 

respondents are observed only once might not significantly affect our estimates of the 

health effects on migration. There might be a problem when the whole households were 

missing from the sample, since the migrant statuses were reported by household members, 

the missing of the entire households would not be treated as migrants. Therefore, the high 

attrition rate and the fact that a large number of respondents were observed only once 

might not significantly affect our estimates for the health effects on migration, though it 

might cause an underestimation of the migration propensity when the whole households 

migrate.  

 

Table 4.1: The number of times individuals aged 16-35 years old were observed  

in CHNS (1989-2009)  

Note: 5,328 individuals are observed for one wave, 3,323 individuals are observed for two waves, the sum 

of observations made on 12,262 individuals is 24,915. 

 

                                                             
41 See Popkin (2010) for a detailed description of the attrition rate in the CHNS data.  

Waves     1     2     3     4   5  6  7 Total 

Obs 5,328        3,323        2,078        1,059        384         79 11 12,262       

Frequency 5,328        6,646        6,234        4,236        1,920         474 77 24,915       
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       In terms of the age range of the sample, we adopt 16 as the bottom age range based 

on their argument that 16 years old is the starting point of the legal working age in China. 

Concerning the upper age limit, we use 35 because those older than 35 years might return 

due to deterioration in health42. It is worth noting that since we use a certain age level as 

the cut-off point, the sample size varies with the way this cut-off point is treated. 

Specifically, the number of individuals aged between 16 and 35 years old depends on 

whether the age is rounded into integers or not. The sample size presented in the baseline 

estimates (8,528) is the one when age is rounded into integers, as adopted from Tong and 

Piotrowski (2012)’s study. Here we thank Yuying Tong and Martin Piotrowski for their 

correspondence; we follow some codes in their stata program file. However, fewer 

observations would be left in the sample (8,062) if we used the two-decimal age points in 

the original data. This is because by taking the integers, some individuals aged between 

15.5 and 16 years might be subsumed into the sample, thus those who actually did not 

meet the working age (16 years old) criteria would be included in the sample. Similarly, 

those aged between 35 and 35.5 years would be included in the sample because their age 

is rounded up as 35 years old.  Therefore, more people would be included in the sample 

when age is rounded up into integers, rather than the two-decimal age points in the 

original data. Nonetheless, for comparability with Tong and Piotrowski (2012)’s study, 

we still round the age up into integers in this study. 

     The definition of the outcome variable “migrant status” is also based on Tong and 

Piotrowski (2012)’s paper and the programme file sent by one of the authors. Those who 

changed their hukou status (notice this requires this “hukou” variable not to be missing 

in the adjacent waves), with those who are absent for military, employment or other 

reasons in the next wave defined as migrants; those who remain at home, or are not living 

at home, but are in the same village/neighbourhood or the same county, or those who 

have gone to school in the next wave are defined as non-migrants; those who are dead in 

the next wave are missing. As Figure 4.3 suggests, the migration variable is measured as 

a change in residence across waves, and in the estimation, migration is a flow over period 

between 𝑡 and 𝑡 + 1 and is explained by health and other characteristics at 𝑡. 

  

                                                             
42 This is called the “salmon bias” hypothesis, which posits that people might return after temporary 

employment, retirement or severe illness (Abraido-Lanza et al. 1999).  
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Figure 4.3: The timing of the measure of migrant status         

                               

                                                                                       Migration  

                               ℎ−1                     Health and Xs                  

                                  t-1                               t                                     t+1                          t   

      

The health indicators adopted here include both objective health, such as acute and 

chronic conditions, and subjective health measures, such as a self-evaluation of overall 

health. Self-rated health is obtained by asking the respondents to rate their status relative 

to other people of a similar age and measured as a series of dummy variables that fall into 

the following four categories: “poor”, “fair”, “good” and “excellent”.  Other indicators 

include dichotomous measures concerning whether the respondent had difficulty carrying 

out daily activities during the previous three months (henceforth referred as “ADLs”)43, 

had a history of bone fractures or had ever smoked. “ADLs”, as an indicator of physical 

functioning, is a measure of long-term health condition and is particularly associated with 

limitations, such as severe chronic disease and disability (Johnson and Wolinsky 1993). 

It has been often used to study the health of prime-age adults in previous studies 

(Frankenberg and Jones 2004).  

      To facilitate the comparison with Tong and Piotrowski (2012)’s estimates, we first 

include both self-rated health and objective health. As self-rated health and objective 

health include almost identical information, in the bulk of the following analysis, we only 

use self-rated health because it is a more comprehensive health indicator. In addition, as 

a subjective indicator, self-rated health might have stronger predictive power of 

individual behaviour and thus might be a more significant determinant of the propensity 

to migrate.  

       In terms of other variables, for the “occupation” variable in the raw data, there are 

sixteen occupation types. Table 4.2 presents our classification of these occupations, 

classified into six main categories that are mutually exclusive. Though the distinction of 

“non-farm worker” from other types of worker is unclear, it is more like the category 

                                                             
43 It is referred as “having trouble working due to illness last 3 months" in 2009 longitudinal data. 
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“professional and administrative worker”. We adopt this classification from Tong and 

Piotrowski (2012)’s study. 

 

Table 4.2: The categories of occupations 

The categories of 

occupations in this study  

The categories of occupations in 

the raw data 

Sample size 

The unemployed or student The unemployed or student 1,975 

Farmer  Farmer, fisherman, hunter 3,313 

Non-farm worker  senior professional/technical 

worker, junior professional/ 

technical worker, 

administrator/executive/manager 

and office staff 

1,024 

Service worker army officer, police officer, 

ordinary soldier, policeman, 

driver and service worker 

590 

Skilled worker  skilled worker 847 

Non-skilled worker non-skilled worker 1,041 

  

The variables associated with family members, such as the residence of spouse and 

parents, are mainly obtained based on the information from the “roster” file, one of the 

40 data files from the 1989-2011 longitudinal data. The variable “spouse’s presence” is 

constructed by combining the variables “does spouse live at home” and “spouse’s line 

number” because there is a relatively high proportion of missing values (90.54%) for the 

variable “does spouse live at home”44. The constructed variable “spouse’s presence” is a 

dichotomous variable that is equal to one when the respondent has a spouse present at 

home (which is for the married respondents); while it is equal to zero when the respondent 

does not have a spouse or  has a spouse but the spouse is not living at home. In other 

words, the respondents with “spouse=0” includes both non-married people (never-

married, widowed, divorced, separated) and people who are married but without the 

spouse’s presence at home. Therefore, this is not a variable that is only observed for the 

married people45. Rather, this “spouse’s presence” variable is defined based on the whole 

sample which includes both married and unmarried people. In terms of the variable 

                                                             
44 The proportion of missing values for the “spouse’s line number” is 42.61%. 
45 In this case (if the variable “spouse’s presence” is only for married people), the proportion of “spouse’s 

presence” will be around 90%. 
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“parents’ presence and age”, parents’ “presence” is a dichotomised variable, which is 

defined based on the question “Does your father/mother live in the home?”, their ages are 

merged from the “physical examination” file through the parents’ identification number 

(“father/mother’s line number”). Based on the definitions above, the descriptive statistics 

for these variables are presented in Table 4.3.  

      As mentioned earlier, Tong and Piotrowski (2012)’s study might be one of the closest 

studies on the “healthy migrant hypothesis”. We wish to extend and refine their analysis 

for the following reasons. Firstly, in Tong and Piotrowski (2012)’s study, there are still a 

variety of results they have not explored. For instance, they do not include interactions in 

their estimation nor explore the effects of lagged health. Secondly, their study has little 

relationship to economic theory. In our study, we derive a subtle model from Jasso et al. 

(2004) and Borjas (1988)’s migration model, in which we show that the health effects 

might vary with wage. Nonetheless, a sensible starting point seems to be to try to replicate 

their estimates. We downloaded the CHNS 2011 longitudinal survey and use the same 

waves (1997-2009) as their study; our sample size is larger than theirs and the descriptive 

statistics appear different to theirs (discussions on these differences are presented in 

Appendix 4). To test whether this difference comes from differences in the data versions, 

we use the 2009 longitudinal survey, even though the sample size and descriptive 

statistics remain the same as those from the 2011 longitudinal survey. We will conduct 

various tests to investigate the differences between Tong and Piotrowski (2012)’s sample 

and our sample. For instance, when checking the parental residence variables, we use 

1990 Chinese census data, and similar periods (the waves 1991 and 1993) in the 2011 

longitudinal survey, constructing the parental variables and finding that the descriptive 

statistics based on these data are closer to our sample than to Tong and Piotrowski 

(2012)’s sample. To check the spouse’s presence variable, we contacted Ahn et al. (2013) 

and Chen (2012) who created the same variable using this data (we thank them for their 

information and follow their approach when constructing this variable). Based on this 

replication, we attempt to re-estimate the “healthy migrant hypothesis” in China and 

conduct several extension analyses.  
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Table 4.3: The descriptive statistics for independent variables  

Wave  Pooled  

 

1997 2000 2004 2006 

     Mean Mean Mean Mean Mean 

Health      

Self-rated health      

Poor 0.02 0.01 0.02 0.02 0.02 

Fair 0.17 0.15 0.17 0.22 0.17 

Good 0.60 0.66 0.56 0.54 0.58 

Excellent 0.21 0.18 0.25 0.22 0.23 

Difficulty with ADLs 0.03 0.02 0.04 0.03 0.04 

Bone fracture 0.02 0.01 0.03 0.03 0.03 

Ever smoked 0.26 0.25 0.25 0.27 0.27 

Demographic      

Age 26.97 25.86 26.82 28.11 28.45 

Gender (male) 0.49 0.50 0.47 0.48 0.49 

Ever married 0.62 0.54 0.62 0.69 0.70 

Highest degree earned      

Primary or lower 0.23 0.26 0.24 0.20 0.16 

Lower middle 0.48 0.49 0.50 0.47 0.48 

Upper middle 0.16 0.17 0.14 0.17 0.15 

Technical/vocational 0.08 0.06 0.07 0.11 0.12 

College and beyond 0.05 0.02 0.05 0.07 0.09 

Occupation      

None/student 0.22 0.18 0.20 0.30 0.28 

Farmer 0.38 0.45 0.45 0.26 0.26 

Non-farm 0.12 0.10 0.12 0.13 0.13 

Skilled 0.07 0.06 0.07 0.07 0.07 

Non-skilled 0.09 0.10 0.07 0.10 0.10 

Service 0.12 0.10 0.10 0.14 0.16 

Ever migrated since 

1993 

0.09 0.07 0.05 0.10 0.18 

Household      

Rural 0.71 0.73 0.72 0.67 0.70 

Size 4.35 4.40 4.25 4.27 4.45 
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Real income in 200646 

currency47 

3427.64 2485 2978.5 4443.12 5086.25 

Log income 11.98 11.98 11.98 11.99 11.99 

Parents      

Both parents <56 0.31 0.36 0.31 0.26 0.24 

One parent >55 0.11 0.11 0.10 0.11 0.13 

Both parents > 55 0.10 0.09 0.08 0.12 0.11 

No parents 0.49 0.45 0.51 0.52 0.52 

Spouse 0.61 0.54 0.62 0.68 0.69 

Child 0.56 0.55 0.54 0.58 0.59 

Region      

Coastal 0.21 0.22 0.20 0.20 0.21 

Northeast 0.19 0.14 0.27 0.20 0.19 

Inland 0.34 0.38 0.27 0.33 0.33 

Southern mountain 0.26 0.27 0.26 0.26 0.26 

Wave      

1997 0.40 - - - - 

2000 0.23 - - - - 

2004 0.20 - - - - 

2006 0.17 - - - - 

Total number of cases 8,528 3,423 1,956 1,738 1,411 

                                                             
46Note: The “income in 2006 currency” is calculated using the price index from the World Bank (2005=100) 

and converted from the income in 2011 currency . In addition, we follow the stata dofile sent by one of the 

authors, to avoid losing the negative values of the income, we shift the income distribution to the right by 

a distance of absolute value of minimum income, through adding this value to the income before taking the 

logarithm. Also, to avoid losing observations with minimum income, we also add one unity to the income 

before taking the logarithm. In sum, before taking the logarithm, we add the absolute value of minimum 

income ( scaling to zero) and 1 (one unity) to the income, in order to keep all the observations ( rather than 

losing the observations with negative values) in the sample. 
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As mentioned in the theoretical model, health might enter into the model as an additive 

factor, in a similar way as skill. At the same time, it might operate through being a 

determinant of skill, and therefore multiply with skills or other human capital factors 

(measured by occupation or education here). Therefore, we estimate the probit model: 

 

𝑃𝑟𝑜𝑏(𝑚𝑖𝑔𝑟𝑎𝑡𝑖𝑜𝑛
𝑖,𝑡

) = Φ(ℎ𝑒𝑎𝑙𝑡ℎ𝑖,𝑡𝛼 + 𝑜𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛
𝑖,𝑡 

𝛽 + 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑖,𝑡 𝛾 + 𝑋
𝑖,𝑡 

′
𝜗 + 휀𝑖,𝑡)    (4.28)                                                                      

 

𝑤here the variable 𝑚𝑖𝑔𝑟𝑎𝑡𝑖𝑜𝑛𝑖,𝑡 equals one if migration occurs over the period from 𝑡 to 

𝑡 + 1, zero otherwise. The variables included in this porbit model are as follows: health, 

occupation, education, the interaction of health with occupation, the interaction of health 

with education and other characteristics measured at 𝑡.  Therefore, the probability of 

migration between 𝑡 and 𝑡 + 1 is a function of health and other characteristics at 𝑡.  

 

4.5 Empirical Results  

4.5.1 Baseline Estimates 

 

      Table 4.4 presents the estimates from equation (4.28) and are used as baseline 

estimates in this study. The results across the pooled sample suggest those self-evaluating 

as having “excellent”, “good” or “fair” health to be more likely to migrate than those self-

evaluating as having “poor” health, indicating that most of the distinction comes from 

“poor” and the rest three categories. Concerning the waves, those self-evaluating as 

having better health are more likely to migrate in earlier waves (“good” or “excellent” in 

1997 and “excellent” in 2000). Though these health effects appear insignificant in other 

waves, their signs are mostly positive for all except the last wave (2006) where “excellent” 

health is negative. These results support the hypothesis that there might be a positive 

health selection on migrants, which is consistent with related studies, claiming that there 

is a weak and partial “positive selectivity” among migrants (Rubalcava et al. 2008). 

Moreover, these results also accord with studies showing that the health effects vary with 

the type of migration and the age of migrants (Lu 2008), finding younger migrants to be 

positively selected on health, whereas older migrants are negatively selected. These 
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effects might offset each other, therefore, together positive health effects might not appear 

strong.  

      In terms of other health measures, the estimate for the “having difficulties to carry out 

daily activities during the last three months” variable is not significant in the pooled data, 

but we might still be able to draw some inference from the positive sign that those who 

have “ADLs” are more likely to migrate. The results across the waves suggest that the 

effect of having “ADLs” is positive in the 1997 and 2000 waves, negative in the 2004 

wave and significantly positive in the 2006 wave. Using the 1997 and 2000 waves of the 

Indonesia Family life Survey (IFLS), Lu (2008) finds that ADLs are negatively associated 

with the possibility of migration for people aged 18-45 years old. Thus, based on our 

sample, aged 16-35 years old, we might expect to see a negative correlation between 

“having ADLs” and the probability of migration. As another indicator of chronic health, 

the effects of bone fracture appear insignificant, though they are mostly positive across 

the waves. Table 4.4 also suggests that the effects of “ever smoking” are not significant 

in the pooled sample and across the waves, except for the 2000 wave, in which those who 

are habitual smokers seem more likely to migrate. The signs of the effects are mostly 

positive until the latest 2006 wave, in which the sign is negative. However, smoking might 

not be an adequate indicator of adverse health, since smoking is more like health 

behaviour than a health outcome. In addition, there might be potential collinearity 

between these health measures. As mentioned earlier, the following equations will not 

include these objective health measures.  
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Table 4.4: Probit regression of migration status on health  

 (1) (2) (3) (4) (5) 

 Pooled  1997 2000 2004 2006 

 b/se b/se b/se b/se b/se 

Self-rated health: Poor (Ref.) 

Fair health 0.291* 0.603 0.352 0.361 0.175 

 (0.16) (0.38) (0.32) (0.32) (0.29) 

Good health 0.361** 0.663* 0.392 0.395 0.257 

 (0.16) (0.38) (0.31) (0.32) (0.28) 

Excellent health 0.400** 0.714* 0.566* 0.508 -0.015 

 (0.16) (0.39) (0.32) (0.33) (0.29) 

Trouble working due to 

illness  

0.190 0.225 0.050 -0.070 0.518** 

in the last three months (0.12) (0.27) (0.20) (0.26) (0.22) 

History of Bone Fracture 0.094 0.106 0.306 -0.291 0.007 

 (0.13) (0.26) (0.21) (0.28) (0.26) 

Ever Smoked 0.057 0.039 0.205** 0.071 -0.066 

 (0.05) (0.08) (0.10) (0.11) (0.12) 

Demographic      

Age (in Yrs) -0.044*** -0.032*** -0.047*** -0.048*** -0.051*** 

 (0.01) (0.01) (0.01) (0.01) (0.01) 

Gender (Male=1) 0.111** 0.078 0.101 0.173 0.266** 

 (0.04) (0.07) (0.09) (0.11) (0.12) 

Ever married 0.068 0.104 0.047 0.034 0.050 

 (0.14) (0.24) (0.23) (0.37) (0.40) 

Highest degree: Primary or lower (Ref.) 

Lower middle school -0.010 -0.034 -0.033 -0.091 0.237* 

 (0.05) (0.07) (0.10) (0.11) (0.14) 

Upper middle school -0.066 -0.238** 0.002 -0.108 0.309* 

 (0.07) (0.11) (0.14) (0.15) (0.17) 

Technical/Vocational 

school 

-0.138 0.061 -0.199 -0.519*** 0.083 

 (0.09) (0.15) (0.19) (0.20) (0.19) 

College and beyond 0.033 -0.050 -0.055 -0.034 0.506** 

 (0.12) (0.25) (0.27) (0.22) (0.23) 

Occupation: None/student 

(Ref.) 

     

Farmer 0.037 -0.046 0.011 0.199* 0.069 

 (0.05) (0.09) (0.11) (0.12) (0.14) 

Non-farm -0.172** -0.035 -0.671*** -0.007 -0.345* 

 (0.09) (0.14) (0.19) (0.17) (0.18) 

Skilled 0.034 -0.107 0.077 -0.236 0.266 

 (0.08) (0.15) (0.17) (0.19) (0.19) 

Non-skilled -0.045 -0.144 -0.161 -0.120 0.084 

 (0.08) (0.13) (0.18) (0.17) (0.17) 

Service -0.000 -0.050 -0.108 0.144 -0.070 

 (0.07) (0.12) (0.16) (0.13) (0.14) 

Previous Migration 

Experience 

0.392*** 0.783*** 0.120 0.388*** 0.211** 
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 (0.05) (0.10) (0.14) (0.10) (0.09) 

Rural/Urban(Rural=1) 0.383*** 0.424*** 0.431*** 0.374*** 0.294** 

 (0.05) (0.08) (0.10) (0.11) (0.12) 

The number of people in  0.077*** 0.032 0.080** 0.076** 0.130*** 

household (0.02) (0.03) (0.03) (0.03) (0.04) 

Household Income per 

capita (in  

-1.110 1.694 3.243 -2.730 -0.860 

2006 currency, logged) (1.06) (2.70) (2.22) (2.17) (1.73) 

Parents: Both parents <56 

(Ref.) 

     

One parent's age > 55 -0.000 -0.051 -0.136 0.112 0.162 

 (0.07) (0.11) (0.14) (0.16) (0.17) 

Both parents' age > 55 -0.006 -0.028 0.025 -0.010 0.013 

 (0.08) (0.12) (0.16) (0.17) (0.18) 

No parents -0.062 -0.264** 0.013 0.007 0.083 

 (0.07) (0.12) (0.14) (0.15) (0.17) 

Spouse -0.187 -0.416* -0.056 -0.135 0.108 

 (0.14) (0.23) (0.21) (0.36) (0.39) 

Child -0.149*** 0.131 -0.321*** -0.252** -0.340** 

 (0.06) (0.09) (0.11) (0.13) (0.14) 

Region: Coastal (Ref.)      

Northeast -0.292*** -0.241* -0.485*** -0.408*** 0.285 

 (0.07) (0.13) (0.13) (0.16) (0.18) 

Inland 0.198*** 0.101 0.319*** 0.177 0.432*** 

 (0.06) (0.09) (0.11) (0.12) (0.15) 

Southern mountain 0.213*** 0.178* 0.182 0.269* 0.440*** 

 (0.06) (0.10) (0.12) (0.14) (0.16) 

Wave: 1997 (Ref.)      

2000 0.256***     

 (0.05)     

2004 0.248***     

 (0.06)     

2006 0.147**     

 (0.06)     

Constant 12.323 -21.550 -39.553 32.049 8.987 

 (12.70) (32.33) (26.59) (26.02) (20.79) 

Observations 8528 3423 1956 1738 1411 

Standard errors are in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

  

       Concerning education, with primary school and below as the base category, 

education effects are not significant in the pooled sample, but are significant in several 

waves. Specifically, the estimates suggest that those with middle-higher levels of 

education are less likely to migrate in earlier waves (1997 and 2004) but more likely to 

migrate in the recent wave (2006). Previous studies suggest that migrants are mainly 

drawn from the intermediate level (especially those who have completed junior secondary 
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school and above) of education distribution in the sending communities (Yang and Guo 

1999, Li and Zahniser 2002, Wu and Zhou 1996). With respect to occupation, we see 

those with initial an occupation of “non-farm” worker to be less likely to migrate than 

those who are students or unemployed in the pooled data and the 2000 and 2006 waves. 

As mentioned earlier, “non-farm” workers are mainly “professional or administrative 

workers”. This negative effect of the “non-farm” occupation on migration appears 

surprising because based on the fact that the base wages for these high skilled occupations 

are higher than less skilled occupations, people who are more highly paid should have 

more incentive to migrate. However, studies suggest that rural migrants are treated 

differently to their urban counterparts in terms of occupational attainment and wages 

(Knight and Song 1999, Meng 2000). Using data from two comparative surveys in 

Shanghai, Meng and Zhang (2001) present that 6% of rural migrants who would have 

been suitable for white-collar jobs were forced to take blue-collar jobs in these urban 

labour markets where rural migrants are discriminated against, with skilled migrants 

potentially having to accept work in the unskilled occupations, thus having less incentive 

to move to the city.  

      Regarding other variables, Table 4.4 suggests that among people aged between 16 

and 35 years, age has a negative effect on the probability of migration, with the 

respondents less likely to migrate when they grow older. Males are more likely to be 

migrants in the pooled sample and the later 2004 and 2006 waves, indicating that 

migration might become more male dominated over time. The prior migration experience 

is significantly positively related to migration in all but the 2000 wave. Those from rural 

households are more likely to migrate in all the waves. Household size is significantly 

positively related to migration in all the waves apart from 1997, which is consistent with 

related studies (Rozelle, Taylor, and DeBrauw 1999, Taylor, Rozelle, and DeBrauw 

2003) , as larger households have more labour to allocate across activities. Household 

income per capita seems not significantly related to migration, though previous studies 

suggest an inverted-U-shaped relationship between household endowments and the 

likelihood of migration (Du, Park, and Wang 2005). For the relational variables, 

“residence with no parents” reduced the potential to migrate in 1997 and “having a child 

aged less than 12 years old at home” was negatively related to migration in all waves but 

1997. In terms of regional variation, compared to coastal regions (the reference group, 

includes the provinces Shandong, Jiangsu and Heilongjiang), respondents from the less 
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developed Northeast region are less likely to migrate, except in 2006, when the effects 

were non-significant. However, those from inland regions and southern mountain regions, 

which are also less developed areas, were more likely to migrate, but it was not seen in 

all the waves.  

        As we see in Table 4.4, there are not many significant effects in the results, which 

might reflect the fact that there is insufficient information in the sample. Our sample 

consists of only around 8000 people from across China, whereas migration is a complex, 

patterned, multi-dimensional and dynamic process, and there is a large amount of 

heterogeneity and noise in this process (Castles 2012). Thus, it is not very surprising that 

most estimates are not very well-defined or significant from this small amount of 

information. Additionally, there is potential collinearity between health measures because 

these health measures might contain similar information, making it more difficult to 

identify health effects. Similarly, the potential multi-collinearity between education and 

occupation measures might confound the identification of education and occupation 

effects. Nonetheless, based on the pattern of these estimates, we can still gain some 

insights into this “healthy migrant hypothesis”, so we will carry forward and conduct 

some extension analysis.  

      Our estimates of the health effects are weaker than Tong and Piotrowski (2012)’s 

estimates of the health effects48. Collapsing “poor” and “fair” into one category, Tong 

and Piotrowski (2012)’s estimates suggest that those self-evaluating as having “excellent” 

health are significantly more likely to migrate than those self-evaluating as having “poor 

or fair” health, at a 1% significance level. Using the four-category version of self-rated 

health, our estimates suggest that most of the distinction comes from those self-evaluating 

as having “poor” health (accounting for only around 2% of the sample) and that those 

self-evaluating as having “fair”, “good” or “excellent” health are significantly more likely 

to migrate than those self-evaluating as having “poor” health, at a lower significance level 

(10% and 5%, respectively). Compared with Tong and Piotrowski (2012)’s estimates, our 

estimates provide weaker evidence to claim “health selectivity” among the migrants, with 

our estimates being consistent with relevant studies that suggest weak and partial 

“positive health selectivity” among migrants. Additionally, we conducted various tests to 

                                                             
48 The details on the replication and the comparison between our estimates and Tong and Piotrowski 

(2012)’s estimates are presented in Appendix 4. 
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try to replicate the data, with the results lending confidence to the validity of our estimated 

results. 

 

4.5.2 Health Interacts with Occupation   

 

       As discussed above,(
𝜕𝑍

𝜕ℎ
)𝑗 = (𝛼 − 1)

𝜕𝑊𝑠
𝑗

𝜕ℎ𝑗  – 𝑖𝜏, which might vary by occupation, since 

𝜕𝑊𝑠
𝑗

𝜕ℎ𝑗  (the sensitivity of wage 𝑊𝑠
𝑗
 with health) varies with occupation, 

𝜕𝑊𝑠
𝑗

𝜕ℎ𝑗  might be larger 

for lower skilled workers than for higher skilled workers, and 𝛼 may vary by occupation. 

The direct costs 𝑖𝜏 might not vary by occupation because the effects of health on the costs 

of making the trip seem independent of occupation.  

     To test whether (
𝜕𝑍

𝜕ℎ
)𝑗  varies with occupation, we create interaction terms between 

occupation and self-rated health and include them in the estimation. The key results are 

presented in Table 4.5 and suggest that these interaction terms are mostly insignificant 

and the coefficients of other variables do not change significantly. The sample size 

changes from 8528 in Table 4.4 to 8779 in Table 4.5, since the estimates in Table 4.5 use 

the specification which does include objective health measures as in Table 4.4. To 

facilitate the comparison, we report the coefficients for each health/occupation interaction 

term in Table 4.6. We test the joint significance of interactions of “fair” health with 

occupations (the p-value of the 𝜒2  test is 0.393), suggesting that the interactions of “fair” 

health with occupations are jointly insignificant; similarly, for the joint significance of 

interactions of “good” health with occupations (the p-value of the 𝜒2  test is 0.538); the 

interactions of “excellent” health with occupations (the p-value of the 𝜒2  test is 0.358); 

and also tested the joint significance of all these interaction terms (the p-value of the 𝜒2  

test is 0.524). They suggest that these interactions are not jointly significant. Table 4.6 

suggests that “excellent” health has a larger positive effect on migration probability for 

people with an initial occupation as a lower skilled worker (“unemployed or student”, 

“farmer” and “non-skilled”) than for those who worked as a higher skilled worker (“non-

farm”, “skilled” and “service”) at the places of origin. Therefore, these results are 

consistent with the model above, with the positive health effects tending to be larger for 

lower skilled workers than for higher skilled workers. Additionally, we see the 
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coefficients of these interactions increase as health gets better in each occupation, except 

for “non-farm” and “service”. Although these coefficients are mostly insignificant, this 

pattern indicates that the health effects might become larger with improvement in health. 

In addition, using the binary version of health variable, we estimate a more parsimonious 

model and the sample size is hence expanded, the estimates are presented in Appendix 4. 

We re-estimate the baseline equation (Table 4.4) and the equation on the health effects 

estimates by occupation (Table 4.5), the results are presented in Table A 4.1 and Table A 

4.2, respectively.  

 Table 4.5: The estimates of health effects by occupation  

 Pooled   

 coeff s.e. 

Dependent variable: Probability of migration 

Self-rated health: Poor 

(Ref.) 

  

Fair 0.380 (0.29) 

Good 0.468 (0.28) 

Excellent 0.543* (0.29) 

Occupation: Unemployed/student (Ref.) 

Farmer 0.415 (0.34) 

Non-farm -0.210 (0.14) 

Skilled -0.177 (0.15) 

Non-skilled -0.054 (0.55) 

Service 0.594 (0.56) 

Fair* Farmer -0.315 (0.35) 

Fair* Non-farm -0.121 (0.25) 

Fair* Skilled 0.408* (0.24) 

Fair* Non-skilled -0.059 (0.58) 

Fair* Service -0.508 (0.58) 

Good* Farmer -0.379 (0.34) 

Good * Non-farm 0.088 (0.17) 

Good * Skilled 0.244 (0.18) 

Good * Non-skilled 0.041 (0.56) 

Good * Service -0.605 (0.57) 

Excellent * Farmer -0.436 (0.35) 

Excellent * Non-skilled 0.230 (0.57) 

Excellent * Service -0.675 (0.58) 

Observations 8779  
Note: The equation also includes other controls in the baseline equation (except for the objective health 

measures); there are only three interactions of “excellent” health with occupations (rather than five) because 

of collinearity; standard errors are in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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Table 4.6: Partial interaction of health with occupation   

  Poor Fair Good Excellent 

  Coef. Sd.  

 

 

 

ErrErr

. 

Coef. Sd.  

 

ErrErr

. 

Coef. Sd.  

 

ErrErr

. 

Coef. Sd.  

 

ErrErr

. 

(1) Unemployed

/students 

 

0 0 0.38 (0.29) 0.468 (0.29) 0.54* (0.29) 

(2) Farmer 0.42 (0.34) 0.48* (0.29) 0.50* (0.28) 0.52* (0.29) 

(3) Non-farm -0.21 (0.14) 0.05 (0.34) 0.35 (0.30) 0.33 (0.31) 

(4) Skilled -0.18 (0.15) 0.61* (0.33) 0.54* (0.29) 0.37 (0.31) 

(5) Non-skilled  -0.05 (0.55) 0.27 (0.32) 0.46 (0.29) 0.72*

* 

(0.31) 

(6) Service  0.59 (0.56) 0.47 (0.31) 0.46 (0.29) 0.46 (0.31) 

  

        The estimates in Table 4.6 reflect how 
𝜕𝑍

𝜕ℎ
 varies by occupation. Based on the 

equation (
𝜕𝑍

𝜕ℎ
)𝑗 = (𝛼 − 1)

𝜕𝑊𝑠
𝑗

𝜕ℎ𝑗 – 𝑖𝜏, these differentials might come from the differential in 

𝛼 (the ratio of average urban wage to average rural wage) or the differential in 
𝜕𝑊𝑠

𝑗

𝜕ℎ𝑗  across 

occupations. Above, we have proceeded as if 𝛼 is constant across occupations, but to test 

whether this is a reasonable assumption to make, we calculate the ratio of average urban 

wage to average rural wage by occupation in our pooled sample (N=8790) (the results are 

presented in Table 4.7). The wage here is approximated by the household income divided 

by the number of adults, an admittedly inadequate measure. Table 4.7 suggests that there 

is some variation in 𝛼 across occupations. 

 

Table 4.7:  The ratio of average urban wage to average rural wage by occupation 

(𝜶) 

Occupation Mean of urban 

wage (yuan) 

 

 

 

S.d Mean of rural 

wage 

 

S.d. The ratio of urban 

wage/rural wage 

Unemployed 

or student  

5612 5483 4112 4419 1.36 

Farmer 3961 3424 3696 5106 1.07 

Non-farm 11186 11702 8632 8802 1.30 

Skilled 7830 5912 6474 4762 1.21 

Non-skilled  7075 6046 5650 4227 1.25 

Service  8486 8340 6502 6264 1.31 
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       To test whether 𝛼 is common across occupations, we estimate the following equation:  

 

ln 𝑊𝑜𝑎
𝑗

= 𝜂 + ∑ 𝛽𝑜𝐷𝑜 + 𝛿6
𝑜=2 𝐷𝑟 + ∑ 𝛾𝑜

6
𝑜=2 𝐷𝑜 ∗ 𝐷𝑟                                               (4.29) 

 

where ln 𝑊𝑜𝑎
𝑗

 denotes the log wages of individual 𝑗 , dummy 𝐷𝑜 denotes the type of 

occupation, among which the reference group (o=1) is “unemployed or student”, it equals 

one if the occupation is 𝑜 and zero otherwise; dummy 𝐷𝑟 equals one if the respondent is 

from the rural area and zero otherwise, 𝐷𝑜 ∗ 𝐷𝑟 equals one if the occupation of individual 

𝑗 is 𝑜 and they are from a rural area, and 𝜂 is the constant for urban unemployed/students. 

For instance, when 𝑜 equals four (the skilled worker occupation), 𝐷4 ∗ 𝐷𝑟=1 captures all 

the rural skilled workers. Therefore, coefficient 𝛽𝑜 captures the effects of being a skilled 

worker, 𝛿 captures the effects of being rural areas and 𝛾𝑜 captures the difference in 𝛿 by 

occupation, testing whether the effects of coming from a rural area is the same across 

occupations.  If it is the same across occupations, it indicates that 𝛼 is common across 

occupations. 

        The estimates are presented in Table 4.8. We can see that interactions for “non-farm”, 

“skilled” and “non-skilled” with the rural dummy are significant, suggesting that the 

differentials are significantly different from the unemployed or students. Through testing 

the interactions, the coefficients between occupations and rural dummy 𝐷𝑟  do not 

significantly differ across the five occupations (in the test we ignored the interaction 

between rural area and farmer because urban farmer is a small special group). We also 

tested the joint significance of interactions between the “rural” dummy with occupations 

(the p-value of the 𝜒2  test is 0.151), suggesting these interactions are not jointly 

significant. Overall, these tests suggest that 𝛼 varies by occupation but not significantly 

and not particularly systematically. 
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Table 4.8: The estimation of wage equation for testing the urban-rural wage 

differences by occupation 

 Pooled   

 coeff s.e. 

Dependent variables: Log(wage)  

Occupations: Unemployed or student (Ref.)   

Farmer -0.306*** (0.05) 

Non-farm 0.726*** (0.05) 

Skilled 0.447*** (0.06) 

Non-skilled 0.323*** (0.06) 

Service 0.441*** (0.06) 

Rural/Urban(Rural=1) -0.340*** (0.04) 

Farmer* rural 0.189*** (0.06) 

Non-farm* rural 0.123* (0.07) 

Skilled* rural 0.163* (0.08) 

Non-skilled* rural 0.147* (0.08) 

Service* rural 0.084 (0.07) 

Constant 8.282*** (0.03) 

Observations 8677  

  

          As we see, (
𝜕𝑍

𝜕ℎ
)𝑗 = (𝛼 − 1)

𝜕𝑊𝑠
𝑗

𝜕ℎ𝑗  – 𝑖𝜏 = (𝛼 − 1)𝑊0𝜆 – 𝑖𝜏 , 𝛼 varies by occupation, 

but not greatly and 𝑖𝜏 is assumed constant over occupations, so the differences in the 

coefficients (
𝜕𝑍

𝜕ℎ
)𝑗 by occupation might reflect the differences in the response of wages to 

health 
𝜕𝑊𝑠

𝑗

𝜕ℎ𝑗  (or  𝜆𝑊0) by occupation. Since we know the coefficients (
𝜕𝑍

𝜕ℎ
)𝑗 (Table 4.6) and 

𝛼 (Table 4.7), we can obtain 𝜆𝑊0 by dividing (
𝜕𝑍

𝜕ℎ
)𝑗 by (𝛼 − 1) (the results are reported 

in Table 4.9). 
𝜕𝑊𝑠

𝑗

𝜕ℎ𝑗
 is the product of 𝜆 and 𝑊0, among which 𝜆 (the marginal (average) 

effects of health on the wage) varies by occupation, and 𝑊0 (the individual wage at the 

base level of health) also varies by occupation. For instance, for skilled workers, 𝜆 might 

decline whereas 𝑊0 might increase, but it is unknown which force is stronger. Also, it is 

difficult to test, partly due to the wage here not being an adequate measure. Table 4.9 

suggests that in most of the occupations, 
𝜕𝑊𝑠

𝑗

𝜕ℎ𝑗  increases as health improves, a result that 

accords with the estimates of (
𝜕𝑍

𝜕ℎ
)𝑗 in Table 4.6.  
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Table 4.9: The sensitivity of wage with respect to health by occupation  

  Poor Fair Good Excellent 

(1) Unemployed or student  0 1.06 1.3 1.5 

(2) Farmer 6 6.86 7.14 7.43 

(3) Non-farm -0.7 0.17 1.17 1.1 

(4) Skilled -0.86 2.90 2.57 1.76 

(5) Non-skilled  -0.2 1.08 1.84 2.88 

(6) Service   1.90 1.52 1.48 1.48 

 

        In summary, the estimates for (
𝜕𝑍

𝜕ℎ
)𝑗 suggest that the effects of being self-evaluated 

as having “good” or “excellent” health on the migration probability are larger for people 

with an initial occupation of a lower skilled worker than for those who worked as a higher 

skilled worker. Based on (
𝜕𝑍

𝜕ℎ
)𝑗 = (𝛼 − 1)

𝜕𝑊𝑠
𝑗

𝜕ℎ𝑗  – 𝑖𝜏,  assuming 𝑖𝜏  is constant over 

occupations, we find 𝛼 varies by occupation, though not greatly. The differences in (
𝜕𝑍

𝜕ℎ
)𝑗 

by occupation might also be driven by the variation in 
𝜕𝑊𝑠

𝑗

𝜕ℎ𝑗  (or 𝑊0𝜆), among which the 

sensitivity of wage to health, 𝜆, which tends to be larger for construction work than higher 

service work, might be the dominating force. Additionally, sensitivity to monetary returns 

(higher urban wages, 𝛼) might be different across occupations. Overall, we admit that we 

can not make much order out of these results, partly because the wage here is not a very 

accurate measure.  

 

4.5.3 Health Interacts with Education    

 

      Using education as an alternative proxy for wages, we interact health with education 

and repeat a similar exercise to the above. The estimates are reported in Table 4.10, with 

the coefficients for the education variables capturing the increments of having different 

levels of education relative to primary education or lower, for people in poor or fair health. 

Using the baseline equation but without the objective health measures, now the sample 

size now becomes 8769.  
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 Table 4.10: The estimates of health effects by education 

 Pooled   

 coeff s.e. 

Self-rated health: Poor (Ref.)   

Fair 0.092 (0.21) 

Good 0.194 (0.21) 

Excellent 0.226 (0.22) 

Highest degree: Primary or lower (Ref.) 

Lower Middle 0.036 (0.29) 

Upper Middle -0.120 (0.13) 

Technical/Vocational -0.198 (0.17) 

College and Beyond -0.028 (0.21) 

Interactions   

Fair* Lower Middle 0.017 (0.31) 

Fair* Upper Middle 0.300 (0.19) 

Fair* Technical/Vocational -0.235 (0.26) 

Fair* College and Beyond -0.378 (0.36) 

Good* Lower Middle -0.077 (0.30) 

Good* Upper Middle 0.021 (0.15) 

Good* Technical/Vocational 0.153 (0.19) 

Good* College and Beyond 0.201 (0.23) 

Excellent* Lower Middle -0.011 (0.31) 

Observations 8769  

         Note: The equation also includes other controls in the baseline equation  

        (except for the objective health measures); standard errors are in  

        Parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

      To facilitate the comparison, the direct coefficients are presented in Table 4.11. The 

interactions are insignificant, suggesting no significant variation in health effects across 

education levels.  

 

Table 4.11: Partial interaction of health with education   

 Poor Fair Good Excellent 

 Coef. Sd.  

 

 

 

ErrErr

. 

Coef. Sd.  

 

ErrErr

. 

Coef

. 

Sd.  

 

ErrErr

. 

Coef

. 

Sd.  

 

ErrErr

. 

Primary 

  

0 0 0.09 (0.21) 0.19 (0.21) 0.23 (0.22) 

Lower middle 

school 

0.04 (0.29) 0.15 (0.21) 0.15 (0.20) 0.25 (0.21) 

Upper middle 

school 

-0.12 (0.13) 0.27 (0.23) 0.09 (0.21) 0.11 (0.22) 

Technical -0.20 (0.17) -0.34 (0.27) 0.15 (0.22) 0.03 (0.24) 

College  -0.03 (0.21) -0.31 (0.35) 0.37 (0.24) 0.20 (0.27) 
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4.5.4 Indirect Channel and Lagged Health  

 

        As discussed in the theoretical discussion, prior studies suggest that earlier health 

(especially childhood health) has a lasting impact on later education attainment (Case, 

Fertig, and Paxson 2005). To account for the fact that skill 𝑘 might pick up the effects of 

ℎ−1 (the indirect effects of earlier health), we introduce 𝑘𝑗  as a function of lagged health 

(ℎ−1
𝑗

), 𝑘𝑗 = 𝑘𝑗(ℎ−1
𝑗

) into the model, thus we have 

 

(
𝑑𝑍

𝑑ℎ−1
)𝑗 = (𝛼 − 1)𝑊00[

𝜕𝑘𝑗

𝜕ℎ−1
𝑗

+  𝜆𝑘𝑗
𝜕ℎ𝑗

𝜕ℎ−1
𝑗

+ 𝜆ℎ𝑗
𝜕𝑘𝑗

𝜕ℎ−1
𝑗

] 

=(𝛼 − 1)𝑊00 𝜆
𝜕ℎ𝑗

𝜕ℎ−1
𝑗 + (𝛼 − 1)𝑊00(1 + 𝜆ℎ𝑗)

𝜕𝑘𝑗

𝜕ℎ−1
𝑗                                            (4.30)                                           

 

      Equation (4.30) suggests that we estimate an equation that includes the interaction of 

lagged health with current health. However, since the health variable here is a categorical 

variable that includes four categories, the interaction of two four-category categorical 

variables might introduce a complication into the estimation. Therefore, for now, we do 

not include these interactions in the estimation.  

       To investigate how ℎ−1
𝑗

 affects  𝑘𝑗  , we estimate the effects of lagged health on 

education. These health effects might operate through promoting the probability of 

moving on to a higher degree or improving performance during the same degree. We 

cannot estimate the latter type of effects here, due to the lack of information on schooling 

performance. For the first type of effect, substantial evidence suggests that children who 

are in poor health tend to have lower education attainments, which are often measured by 

years of schooling (Behrman 1996, Smith 2009).  

       To examine the effects of earlier health on the highest education degree obtained later 

in life, we go back to the original CHNS data and used a sample consisting of those who 

were observed when they were aged between 13 and 16 years. Based on this sample, we 

estimate the effects of their self-rated health when they were aged between 13 and 16 

years on the highest degree they obtained after they were 16 years old. In the literature 

(Smith 2009), the classical equation for this is:  
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𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 𝑙𝑒𝑣𝑒𝑙 𝑎𝑡 𝑎𝑑𝑢𝑙𝑡 = ℎ𝑒𝑎𝑙𝑡ℎ 𝑎𝑡 𝑒𝑎𝑟𝑙𝑖𝑒𝑟 𝑎𝑔𝑒 + 𝑓𝑎𝑚𝑖𝑙𝑦 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑠 + 휀             (4.31)                                               

       

      Using an ordered logit model, we follow the basic shape of equation (4.31) and also 

include parental socioeconomic factors and regional fixed effects in the estimation. The 

education degree ranges from the lowest (“primary and below”) to the highest (“college 

and beyond”), including five categories. The results are reported in Table 4.12 and 

suggest that self-evaluating as having “fair” “good” or “excellent” health at 13-16 years 

of age has a significantly positive effect on the probability of obtaining a higher education 

degree after the age of 16. This result indicates that better earlier health improves the 

probability of obtaining a higher degree later in life. In addition, the coefficient is larger 

for “fair”, small for “good” and smaller for “excellent”. This result implies that beyond 

the small fraction (2%) of children with “poor” health, who barely had the chance of an 

education, children with “excellent” health might be sent to work rather than go to school, 

whereas those with “fair” or “good” health received an increased chance of attaining a 

higher education. The above shows the response of education outcome to earlier health 

and earlier the estimation of our main equation (Table 4.4) showed the effects of 

education on the propensity to migrate. One might consider estimating the indirect effects 

of health on migration by substituting the equation for earlier health on education into the 

main migration equation. However, the limited sample size (N=1262) does not allow us 

to create this reduced form equation. Nonetheless, Table 4.12 provides some evidence 

that children with “fair” or “good” or “excellent” health are more likely to migrate than 

those with “poor” health.  
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Table 4.12: Ordered logit estimates of the health effects at age 13-16 years on the 

highest education degree obtained after age 16 

 

Dependent variable: The probability of obtaining a higher education 

degree after age 16  

 Coeff.  s.e. 

Self-rated health aged 13-16: Poor (Ref.) 

Fair 1.734*** (0.40) 

Good 1.454*** (0.35) 

Excellent 1.335*** (0.38) 

Age              0.004 (0.03) 

Gender (Male=1)           -0.032 (0.16) 

Father’s occupation: Unemployed/student (Ref.) 

Farmer  -0.800*** (0.18) 

Non-farm              0.288 (0.29) 

Skilled             -0.156 (0.26) 

Non-skilled -0.644*** (0.23) 

Service 0.558** (0.27) 

Mother’s education: Primary and below (Ref.) 

Lower Middle 7.181*** (1.17) 

Upper Middle 12.853*** (1.43) 

Technical/Vocational 15.579*** (1.50) 

College and Beyond 34.689*** (1.56) 

Household size -0.024** (0.01) 

Household Income per 

capita (in 2011 currency, 

logged) 

           -0.909 (2.53) 

Region: Coastal (Ref.)    

Northeast -0.653*** (0.24) 

Inland -0.190 (0.21) 

Southern Mountain -0.217 (0.23) 

Observations 1262  
Standard errors are in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

      In summary, earlier health might have a positive effect on the later education outcome; 

however, it is worth noting that education might depend on expected migration. Studies 

suggest that since the returns to upper middle school or a higher level are not higher than 

those for lower education levels (Schultz 2004), the opportunity costs of attending upper 

middle school might be higher than the opportunity costs of attending lower middle 

school. As a consequence, upon the completion of lower middle school, many youths in 

rural China often migrate than pursue a higher education degree. Therefore, there is a 

negative relationship between migrant opportunity and upper middle school enrolment 

(DeBrauw and Giles 2008). These relationships of health with education and education 



115 

 

 

with expected migration greatly complicate the study of the effects of health on migration. 

Similarly, early health investment might rely on the expectation of migration. 

Unfortunately, with our limited information in this data, we cannot deal with these 

potential reverse causalities in this study. However, we recognise this as a potential 

complication in our estimates of the relationship running from education to migration and 

health to migration.  

       Next, we examine the effects of lagged health on migration. In the literature, the long 

term effects of heath have not been widely examined due to data limitations, with the 

examination of long term effects usually requiring a longitudinal survey that follows 

people for a given period. The CHNS longitudinal survey provides the possibility of 

investigating this effect, although as Table 4.1 suggests, there are not a large number of 

people tracked for more than two waves. Nonetheless, we can still try to estimate the 

effects of lagged health to ascertain some insight on the long term effects.  

       Before estimating the effects of lagged health on migration, it is useful to get a sense 

of the correlation between lagged health and current health. Based on our pooled sample 

aged between 16 and 35 years old (N=8790), Table 4.13 presents the transition matrix for 

lagged health with current health. Through describing the distribution of current health 

status conditional to the previous health status, Table 4.13 shows the transition 

probabilities of health status from the previous period (𝑡 − 1) to the current period (𝑡), 

and provides a sense of how health status evolves over time. As Table 4.13 shows, for 

those with “good” health at 𝑡 − 1, 21% saw their health get better (changed to “excellent”) 

in the next period, whereas 22.04% saw their health worsen (changed to “poor” or “fair”); 

more than half (57%) saw their health status stay the same. Therefore, Table 4.13 reveals 

a stronger transmission of “good” health status from period t-1 to period t, compared to 

the health status “excellent” and “poor/fair”, with there being a tendency for people across 

different health statuses converging to “good” health in the next period. The 𝜒2  test 

rejects the null hypothesis that health at (𝑡 − 1) and health at 𝑡 are independent; health at 

𝑡 − 1 is correlated with health at 𝑡. Therefore, the significant effects of current health in 

the baseline equation might capture the effects of lagged health.   
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Table 4.13: The transition of health (t) from health (t-1) 

 Health  (t)  

            Poor             Fair        Good Excellent Total 

 

Health 

(t-1) 

Poor 12.5 29.17 50 8.33 100 

Fair 4.29 25.04 55.23 15.44 100 

Good 2.24 19.8 56.97 21 100 

Excellent 0.81 13.73 52.49 32.97 100 

 Total 2.42 19.5 55.59 22.49 100 

Pearson chi2(9) =  118.7767  Pr = 0.000 

 

      As a result, instead of current health, we now estimate the effects of lagged health 

alone on migration. The results are reported in column (1) of Table 4.14 and suggest that 

lagged health effects are insignificant. After, we added current health into the estimation, 

with neither lagged health or current health being significant (as shown in Table 4.14, 

column (2)). We tested the joint significance of lagged health and current health (the p-

value of the 𝜒2  test is 0.376) and suggest that lagged health and current health are not 

jointly significant. Based on the sample equation in column (2), Table 4.14, Column (3) 

presents the results when the equation includes only current health, with the results 

suggesting that the effects of current health are insignificant. Table 4.14, together with 

Table 4.13, imply that lagged health might not have significant effects on migration, as 

well as lowering the significance of current health, although they closely correlate with 

each other. However, this might be due to the limited information on lagged health in this 

small sample.  
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Table 4.14: Probit regression of migration status on lagged health (t-1)  

 (1)  (2)  (3)  

 Pooled   Pooled   Pooled   

 Coeff  s.e. Coeff s.e. Coeff s.e. 

Self-rated health: Poor (Ref.)     

Fair    0.145 (0.19) 0.148 (0.19) 

Good    0.167 (0.18) 0.171 (0.18) 

Excellent    0.244 (0.19) 0.254 (0.19) 

Fair t-1 -0.290 (0.22) -0.297 (0.23)   

Good t-1 -0.200 (0.21) -0.197 (0.22)   

Excellent t-1 -0.125 (0.22) -0.127 (0.23)   

Observations 3437  3384  3384  

Note: The equation also includes other controls in the baseline equation (except for the  

objective health measures); standard errors are in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

4.5.5 The Effects of Change in Health Status 

 

      As an extension of the analysis of lagged health effects, we will now look at the 

relationship between the change in health status from 𝑡 − 1 to 𝑡  and migration at 𝑡. In 

doing so, we aim to explore whether the improvement in health raises the possibility of 

migration; more specifically, whether there is a group of unhealthy people who postponed 

migration until their health improved. 

      Based on our pooled sample aged between 16 and 35 years old, Table 4.15 presents 

this relationship in a transition matrix form. It suggests that the proportion of migrants is 

larger for those whose health statuses improved (16.36%) than those whose health 

statuses remained the same (14.2%) and those whose health declined (14.88%). The 𝜒2  

test here tests the independence of the variable for “health improved or not” from the 

variable for “migration status” (the p-value for this test is 0.394), with the distribution of 

“health declined”, “health remained the same” and “health improved” not being 

significantly different for migrants and non-migrants. The improvement in health is not 

significantly associated with the migration decision. 
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Table 4.15: Change in health from (t-1) to (t) and migration at (t) 

  Migration status at t  

 

Change in 

 Non-migrant     Migrant 

 

Total  

Health  

from t-1 to t 

Decline 85.12 14.88 100 

Remained the same 85.8 14.2 100 

Improved  83.64 16.36 100 

Total 85.09 14.91 100 

  2,649 464 3,113 

 Pearson chi2(1) =   1.8637   Pr = 0.394 

 

      The estimates above might be subject to bias due to the unobserved heterogeneity 

associated with both health status and the probability of migration, such as previous life 

exposure and genetics. The observed relationship might be indications of highly selective 

characteristics of migrants that affect both health status and the decision to migrate. To 

allow for the unobserved heterogeneity fixed at the household level, we follow Lu 

(2008)’s study and apply a household fixed effect (FE) model. As mentioned earlier, using 

the 1997 and 2000 waves from the Indonesian longitudinal survey (IFLS), Lu (2008) 

tested the health selectivity hypothesis and adopted the household fixed effects model to 

test the robustness of her results. Our household fixed effects estimates are reported in 

Table 4.16, column (1) and suggest that the change in health status does not significantly 

correlate with the change in migration probability, assuming household heterogeneity, 

such as family background and genetic disposition, are constant over time. Similarly, 

column (2) reports the individual fixed-effect (FE) estimates and suggests that the health 

effects are not significant; it is important to note that the sample sizes are small though.  

       In addition, we also apply the individual random effects model, with the results 

presented in Table 4.16, column (3). They suggest that “excellent” health has a significant 

effect on migration probability. Notice the assumption for random effects is strong and 

the unobserved effect is independent of all explanatory variables across all time periods. 

Additionally, these random effects estimates are close to the pooled probit estimates 

shown in Table 4.4, since the individual random effects logit model is very similar to the 

probit model on the pooled sample (as shown in equation (4.28)). As fixed effects model 

are estimated for individuals or households that are repeatedly observed, the sample for 

the fixed effects estimation are substantially smaller than those used in the random effects 

estimation. Table 4.16, column (4) presents the individual random effects estimates using 

the fixed effects model sample and shows that the significance of health effects disappear 
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because the sample is too small.   

 

Table 4.16: Logit fixed effects and random effects on pooled sample 

 (1) (2) (3) (4) 

 Household FE Individual FE Individual RE Individual RE 

Fair health  -0.116 -13.167 0.304 -0.091 

 (0.40) (2179.45) (0.29) (0.72) 

Good health -0.114 -12.565 0.405 -0.324 

 (0.39) (2179.45) (0.28) (0.71) 

Excellent health -0.088 -12.738 0.489* -0.251 

 (0.41) (2179.45) (0.29) (0.72) 

Observations 2801 1074 8790 1074 

Pseudo R2 0.069 0.926   

 Note: The equation also includes other controls in the baseline equation (except for the objective health 

 measures); standard errors are in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 

       

In conclusion, the change in health is not significantly associated with the migration 

decision, we cannot identify the health effects with fixed effects estimation, potentially 

due to the small sample size.  

      

4.5.6 Health Interacts with Age  

 

      Recall that in the theoretical model, the time horizon is infinite and the same for 

everyone, so the migration probability is not expected to be higher for the young than it 

is for the old. However, standing outside the model, according to the standard human 

capital framework that views migration as an investment, the time horizon is finite. 

Therefore, the time for the expected higher income to offset the migration costs (i.e., the 

payoff period) falls as the worker gets older, with the migration probability expected to 

be higher for the young than for the old. To illustrate this, using our pooled sample aged 

16 to 35 years old, we obtained the predicted migration probability from the baseline 

equation (without objective health measures)49, and plotted it against age in Figure 4.4. It 

suggests that the migration probability declines with age and that this declining slope 

                                                             
49 The equation here is the one shown in Table 4.4 without the variables “ADLs”, “bone fracture” and 

“ever smoked”. 
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reflects the age effects on migration, with people migrating less as they get older in this 

sample.  

Figure 4.4: The migration probability and age 

 

       

        To explore these age effects further, in addition to the age continuous variable, we 

create annual dummies for each age level and include these 20 age dummies (age 16-35 

years) in the baseline equation. Based on the pooled sample in our baseline estimation 

(N=8790)50, the estimates are presented in Table 4.17, along with the estimates from the 

baseline equation. They suggest that compared with those who are aged 16 years old, 

almost all those who are older than 16 are less likely to migrate, which might be related 

to the fact that age 16 is the legal working age in China, so many youths aged 16 migrate 

to work. However, including these annual age dummies does not make a large difference 

to the estimates for health and other variables. The health effects estimates are barely 

affected by the inclusion of these age dummies, which might be due to there not being a 

large variation in health over this age range (16-35 years).  

                                                             
50 The sample size is different from the one in Table 4.4, since here (Table 4.17) we do not include the 

objective health measures. 
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Table 4.17: Migration equation including 20 age dummies  

 (1) (2) 

 Pooled  Pooled  

 b/se b/se 

Dependent variable: the probability of migration   

Self-rated health: Poor (Ref.)   

Fair health 0.180 0.179 

 (0.15) (0.15) 

Good health 0.239 0.238 

 (0.15) (0.15) 

Excellent health 0.285* 0.281* 

 (0.15) (0.15) 

Age (years)  -0.044*** 

  (0.01) 

Age dummies: 16 years (Ref.)   

19 age dummies from 17-35 years old    Y  

Gender (Male=1) 0.142*** 0.142*** 

 (0.04) (0.04) 

Marital Status 0.080 0.080 

 (0.14) (0.14) 

Highest degree: Primary and lower (Ref.)   

Lower middle school -0.013 -0.010 

 (0.05) (0.05) 

Upper middle school -0.067 -0.069 

 (0.07) (0.07) 

Technical/Vocational school -0.132 -0.138 

 (0.09) (0.08) 

College and beyond 0.045 0.042 

 (0.12) (0.12) 

Occupation: None/student (Ref.)   

Farmer 0.052 0.040 

 (0.06) (0.05) 

Non-farm -0.157* -0.170** 

 (0.09) (0.08) 

Skilled 0.048 0.035 

 (0.08) (0.08) 

Non-skilled 0.032 0.018 

 (0.08) (0.07) 

Service 0.008 -0.004 

 (0.07) (0.06) 

Previous Migration Experience 0.393*** 0.390*** 

 (0.05) (0.05) 

Rural/Urban(Rural=1) 0.393*** 0.395*** 

 (0.05) (0.05) 

The number of people in household 0.074*** 0.073*** 

 (0.02) (0.02) 
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Household Income per capita (in 2006 currency, logged) -0.936 -0.940 

 (1.06) (1.05) 

Parents: Both parents <56 (Ref.)   

One parent's age > 55 -0.008 -0.020 

 (0.07) (0.07) 

Both parents' age > 55 -0.004 -0.021 

 (0.08) (0.07) 

No parents -0.073 -0.081 

 (0.07) (0.07) 

spouse -0.188 -0.195 

 (0.14) (0.14) 

child -0.133** -0.135** 

 (0.06) (0.05) 

Region: Coastal (Ref.)   

Northeast -0.286*** -0.289*** 

 (0.07) (0.07) 

Inland 0.204*** 0.204*** 

 (0.06) (0.06) 

Southern mountain 0.206*** 0.204*** 

 (0.06) (0.06) 

2000 0.255*** 0.248*** 

 (0.05) (0.05) 

2004 0.251*** 0.245*** 

 (0.06) (0.06) 

2006 0.155** 0.146** 

 (0.06) (0.06) 

Constant 9.716 10.415 

 (12.66) (12.56) 

Observations 8790 8790 

  

        Since including the annual age dummies does not significantly change the 

coefficients of other variables, next, when we introduced the interactions of health with 

age, for the sake of brevity, we collapsed these age dummies into four groups and interact 

health with these four age groups. These four groups are 16-18, 19-24, 25-30 and 31-35 

years of age. We choose the ages 18, 24 and 30 as the thresholds for the following reasons: 

18 is another education milestone due to the fact that 18 is the typical age for upper middle 

school completion, also the age dummies are significant until the age 19; age 24 and 30 

are the breaks over which there are significant changes in the magnitude of their 

coefficients51. The estimates are presented in Table 4.18, column (1) and suggest that the 

health effects do not vary much with the age group.  

                                                             
51 The estimates for these age dummies are available on request. 
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Table 4.18: Probit regression of migration including age groups and the 

interactions between health and age group  

 (1)  (2) (3) 

Dependent variable: the probability of migration 

Self-rated health: Poor 

(Ref.) 

 Self-rated health: Poor 

(Ref.) 

  

Fair health 0.388 Fair 0.012 0.176 

 (0.44)  (0.08) (0.24) 

Good health 0.349 Good 0.044 0.218 

 (0.43)  (0.07) (0.23) 

Excellent health 0.502 Excellent 0.079 0.187 

 (0.44)  (0.08) (0.24) 

Age group: 16-18 years (Ref.) Age group: 16~25 years (Ref.) 

Age 19-24 * Fair  -0.411 26~35 years  -0.204*** -0.229 

 (0.54)  (0.06) (0.30) 

Age 19-24 * Good -0.311 36~45 years  -0.278*** -0.084 

 (0.52)  (0.10) (0.29) 

Age 19-24 * Excellent  -0.524 46~55 years  -0.229* 0.016 
 (0.53)  (0.14) (0.29) 

Age 25-30 * Fair  -0.263 56~65 years  -0.162 -0.006 

 (0.52)  (0.18) (0.32) 

Age 25-30 * Good -0.137 Fair * 26~35 years  -0.006 

 (0.50)   (0.31) 

Age 25-30 * Excellent  -0.179 Fair * 36~45 years  -0.272 
 (0.51)   (0.28) 

Age 31-35 * Fair  -0.060 Fair * 46~55 years  -0.227 

 (0.53)   (0.27) 

Age 31-35 * Good 0.046 Fair * 56~65 years  -0.094 

 (0.51)   (0.28) 

Age 31-35 * Excellent  -0.044 Good * 26~35 years  0.009 

 (0.52)   (0.30) 

  Good * 36~45 years  -0.191 

    (0.27) 

  Good * 46~55 years  -0.297 

    (0.26) 

  Good * 56~65 years  -0.279 

    (0.27) 

  Excellent *26~35 

years 

 0.098 

    (0.30) 

  Excellent * 36~45 

years 

 -0.137 

    (0.28) 

  Excellent * 46~55 

years 

 -0.173 

    (0.28) 

  Excellent * 56~65 

years 

 0.010 

    (0.30) 

Observations 8790 Observations 26998 26998 
Note: The equation also includes annual age dummies and other controls in the baseline equation (except 

for the objective health measures); standard errors are in parentheses, *** p<0.01, ** p<0.05, * p<0.1 
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              We then raised the upper age limit from 35 years to 65 years old and estimated the 

baseline equation (without objective health measures) for this sample. The results are not 

reported here, with age as a continuous variable, suggesting that on average, the health 

effects are not significant. One potential explanation is that the positive health effects 

from people outside of the age range 16~35 years might be smaller, and, as mentioned 

earlier, might even be negative. This force dilutes or offsets some of the positive health 

effects from those aged 16-35 years, so overall, the positive health effects disappear.  

      Next, we created a categorical variable defined by 10-year age groups ranging from 

16 to 65 years, and included it in the equation. The results are presented in Table 4.18, 

column (2) and suggest that people aged 26-35 and 36-45 years are less likely to migrate, 

compared to those aged between 16 and 25 years, with this negative age effects smaller 

for those aged 46-55 years and 56-65 years old. In other words, these estimates indicate 

that the middle aged are least likely to migrate, but the old are relatively more likely to 

move than the middle aged. This accords with the “salmon bias effects” theory that states 

people are likely to migrate when they get old.  

      To examine the variability of health effects with age level, we also interact the self-

rated health with age group and include them into the equation (the results are presented 

in Table 4.18, column (3)). Those interactions are not significant and we tested the joint 

significance of these interactions (the p-value of the 𝜒2  test is 0.546), with the results 

suggesting that they are not jointly significant. However, the positive signs for the 

interaction term of the “26-35 years” and “36-45 years” age groups with “good health” 

and negative signs for the interaction term of the “46-55 years” age group, “56-65 years” 

group with “good health” indicate a pattern as the theory predicted: younger people with 

good health are more likely to move than those with poor/fair health, whereas old people 

with good health are less likely to move than those with poor health.  

 

4.5.7 An Alternative: Health Index 

 

      Using self-reported health alone might lose some useful information, but using several 

health measures might cause a decrease in the sample size. Next, we attempted to obtain 

a health index that has three main advantages: first, this index concentrates various health 

information in the data down to one single effect; second, this index allows us to extend 
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the data and make more use of the data by using more health measures in the data; and 

third, since this index is continuous, it allows us to examine some effects that are difficult 

to estimate when health is a categorical variable.  

     To start with, we converted the categorical variable self–rated health to a binary 

variable that is equal to one if the respondents evaluate their health as being “good” or 

“excellent”, and zero otherwise. Using the pooled sample, the results are presented in 

Table 4.19, column (1) suggests that those self-evaluating as having better health are more 

likely to migrate. Since using self-rated health alone might lose some health information 

in the data, to achieve a better coverage of health information in the data, we created a 

health index that absorbs both self-rated health and objective measures. The three 

objective health measures are mainly the objective measures used in Tong and Piotrowski 

(2012)’s study (except for “ever smoked”): bone fracture “Do you have a history of bone 

fracture”, ADLs “did you have trouble working due to illness in the last 3 months”, and 

high blood pressure “diagnosed with higher blood pressure or not”. They are coded as 

binary variables, which is equal to one if the answer to those questions is “No”, and zero 

otherwise. Therefore, for variables used in the index, a higher value indicates better health. 

We assigned equal weight to the binary self-rated health variable and three objective 

health measures individually, and take the sum of them as an index52 (the estimates are 

reported in Table 4.19, column (2)). After absorbing the e objective health measures, the 

health effects become insignificant.  

       We next used the categorical version of self-rated health that takes the value 0 if the 

respondents evaluate themselves as having “poor” health, 1 if “fair” health, 2 if “good” 

health and 3 if “excellent” health. The results are presented in Table 4.19, column (3) and 

are consistent with the earlier results when we used the binary version of self-rated health 

(column (1)), with those self-evaluating as having better health more likely to migrate. 

Next we assigned weights to these health measures; first, we assigned equal weights to 

the self-rated health and objective measures, then gave half (1/2) weight and one and half 

(3/2) weights to the self-rated health as to objective measures53 (the results are presented 

in Table 4.19, columns (4), (5) and (6), respectively). They suggest that the health effects 

are insignificant, except when the self-rated health is assigned one and half weights in the 

index. This suggests that the health effects become significant as the weights for self-

                                                             
52 Henceforth we will refer to the indices used in column (1) and (2) as Type 1 index. 
53 Henceforth we will refer to the indices used in column (3), (4),(5) and (6) as Type 2 index. 
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rated health increase.  

 

Table 4.19: Probit regression of migration using different indices 

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

 Type1 index Type 2 index Type 3 index 

 Index1  Index2  Index3  Index4   Index5  Index6  Index7   Index8   

Health  0.079* 0.038 0.059** 0.040 0.045 0.032* 0.322*** 0.390** 

index (0.05) (0.04) (0.03) (0.03) (0.04) (0.02) (0.11) (0.15) 

Obs 8782 8536 8790 8536 8536 8536 8897 8959 

 
Notes: health index includes: in column (1), self-rated health, a binary variable which is valued 1 if “good” 

or “excellent”, 0 otherwise; in column (2), self-rated health, a binary variable which is valued 1 if “good” 

or “excellent”, 0 otherwise, and three objective measures. They are weighted equally in the index; in column 

(3), self-rated health, a variable which is valued 0 if “poor”, 1 if “fair”, 2 if “good” and 3 if “excellent”; in 

column (4), self-rated health, a variable which is valued 0 if “poor”, 1 if “fair”, 2 if “good” and 3 if 

“excellent”, and three objective measures. They are weighted equally in the index; in column (5), self-rated 

health, a variable which is valued 0 if “poor”, 1 if “fair”, 2 if “good” and 3 if “excellent”, and three objective 

measures. The self-rated health is assigned half weight as the objective measures in the index; in column 

(6), self-rated health, a variable which is valued 0 if “poor”, 1 if “fair”, 2 if “good” and 3 if “excellent”, and 

three objective measures. The self-rated health is assigned one and half weights as the objective measures 

in the index; in column (7), self-rated health, a variable which is valued 0 if “poor”, 1 if “fair”, 2 if “good” 

and 3 if “excellent”, long term and short term health, we assign triple, double and single weights to them, 

respectively; in column (8), self-rated health, a variable which is valued 0 if “poor”, 1 if “fair”, 2 if “good” 

and 3 if “excellent”, long term and short term health, we assign triple, double and single weights to them, 

respectively; the missing values of the objective health are imputed with positive responses (ie. “no, I do 

not suffer from this problem”). The equation also includes other controls in the baseline equation (except 

for the objective health measures). 

 

      However, there might not be enough information in the self-rated health and three 

objective measures used here to obtain a measure with a larger coverage of the 

information, so we need to go back to the original data and absorb a variety of other health 

measures. The measures we use are listed in Table 4.20. All the binary variables are 

recoded as those that are equal to one if the respondents did not have those symptoms or 

diseases, and zero otherwise. Self-rated health is maintained as a variable that is equal to 

0 if the respondent evaluated their health as being “poor”, 1 if “fair”, 2 if “good” and 3 if 

“excellent”. Based on our sample comprised of full sets of observations (N=8897), the 

summary statistics for those variables and health index are presented in Table 4.21. We 

assigned different weights to these variables according to their relative importance. Since 

self-rated health is an indicator that reflects overall health and individual behaviour, bone 

fracture, high blood pressure, overweight, diabetes, myocardial infarction, apoplexy and 

ADLs that tend to reflect long-term health, whilst health conditions in the last four weeks 

concern short-term health relatively, we applied triple weights to the self-rated health, a 

single weight to those regarding health conditions in the last four weeks and double 
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weights to the long-term health indicators. As Table 4.21 shows, there is a variety of 

missing rates across these variables. To maximise the information from these variables, 

for any individual with at least four observations across these variables, we take the mean 

of their values and use it as a health index. Using this index, the estimation results are 

presented in Table 4.19, column (7) and suggest that those with a larger health index are 

more likely to migrate. Together with columns (1), (3) and (6), these results suggest that 

the health effects turn out more strongly when the index uses self-rated health alone or 

gives more weight to self-rated health. Table 4.21 reveals that there is a high missing rate 

among the short term health variables (in the last four weeks). In case those without health 

problems might be coded as missing, we next impute the missing values with positive 

responses (i.e. “no, I do not suffer from this problem”)54. The results are presented in 

Table 4.19, column (8) and based on a larger sample obtained from the imputation, with 

the results suggesting that those with larger health index are more likely to migrate.   

 

Table 4.20: The description of variables used in the health index 

Variable Variable description 

Self-rated health  health (current health status (self-report)) 

ADLs             trouble working due to illness in the last three months? =1 if 

yes; =0 if no 

Bone fracture Have a history of Bone Fracture? =1 if yes; =0 if no 

High blood pressure   diagnosed with high blood pressure? ? =1 if yes; =0 if no 

Overweight         = 1 if bmi>=30, =0 otherwise 

diabetes         diagnosed with diabetes? ? =1 if yes; =0 if no 

myocardial infarction diagnosed with myocardial infarction? ? =1 if yes; =0 if no 

apoplexy diagnosed with apoplexy? =1 if yes; =0 if no 

Sick in the last 4week    been sick or injured in last 4 weeks ? =1 if yes; =0 if no 

fever in the last 4week    last 4 wks: fever, sore throat, cough? =1 if yes; =0 if no 

headache in the last 4week    last 4 wks: headache, dizziness? =1 if yes; =0 if no 

Muscle pain in the last 4week    last 4 wks: joint, muscle pain? =1 if yes; =0 if no 

Heart chest  in the last 4week    last 4 wks: heart disease/chest pain? =1 if yes; =0 if no 

Seek health care in the last 4 

weeks    

last 4 wks: preventative hlth service? =1 if yes; =0 if no 

Seek formal medical care 

in the last 4week    

last 4 wks: seek formal medical care? ? =1 if yes; =0 if no 

 

                                                             
54 Henceforth, we will refer to the indices used in column (7) and (8) as Type 3 index. 
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Table 4.21: The summary statistics of health variables used in the health index  

Variable Obs Mean Std. 

Dev. 

Min Max Freq. 

Missings 

in our 

sample 

(N=8897) 

(%) 

Health index 8897 1.713 0.227 0.727 2.667 0 

       

Self-rated health  8782 2.009 0.672 0 3 1.293 

ADLs             8701 0.028 0.165 0 1 2.203 

Bone fracture 8817 0.021 0.142 0 1 0.899 

High blood pressure   8846 0.004 0.065 0 1 0.573 

Overweight        7502 0.016 0.127 0 1 15.68 

diabetes         8731 0.002 0.048 0 1 1.866 

myocardial infarction 8826 0.001 0.021 0 1 0.798 

apoplexy 8757 0.001 0.021 0 1 1.574 

       

Sick in the last 4week    8776 0.050 0.217 0 1 1.36 

fever in the last 4week    3392 0.092 0.289 0 1 61.87 

headache in the last 4week    3386 0.038 0.190 0 1 61.94 

Muscle pain in the last 4week    3382 0.014 0.116 0 1 61.99 

Heart chest  in the last 4week    3382 0.003 0.054 0 1 61.99 

Seek health care in the last 4week    8706 0.018 0.134 0 1 2.147 

Seek formal medical care 

in the last 4week    

3002 0.012 0.110 0 1 66.26 

 

      As mentioned earlier, since the health index is continuous, we can examine some 

effects that might be intractable when health is a discrete variable. Therefore, we interact 

different health indices with occupation (the results are presented in Table 4.22). It 

suggests that there are interactive effects when we use Type 2 and Type 3 indices 

(columns (3) to (8)). Using the Type 2 index apart from the one in which self-rated health 

is assigned half weights when combined with three objective health measures, columns 

(3), (4) and (6) suggest that for respondents with an initial occupation type as unemployed 

or student, those who have a larger health index are significantly more likely to migrate. 

The coefficients for the “skilled workers” are significantly positive, implying that skilled 

workers are more likely to migrate than those who are unemployed or students. The 

coefficients for the interaction term of skilled worker with the health index are 

significantly negative, suggesting that compared to those who are unemployed and a 

student, health has a less strong positive relationship to migration probability for skilled 

workers. When the indices also absorbs other health information (Type 3 index), columns 
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(7) and (8) suggest that the health effects are positive (though not significant in column 

(8)) for those who are unemployed or students; those who are non-skilled workers are 

significantly less likely to migrate than those who are unemployed or students; the 

interaction terms of non-skilled worker with the health index are significantly negative, 

suggesting that positive health effects are stronger for non-skilled workers than those who 

are unemployed or students in terms of promoting the propensity to migrate.  

 

Table 4.22: The estimates of health effects by occupation using various health 

indices 

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

 Type 1 index Type 2 index Type 3 index 

 Index1 Index2 Index3 Index4  Index5 Index6  Index7  Index8 

Health  0.142 0.087 0.103** 0.090* 0.120 0.067** 0.285* 0.342 

index (0.09) (0.08) (0.05) (0.05) (0.08) (0.03) (0.17) (0.28) 

Occupation: None/student (Ref.) 

Farmer 0.135 0.208 0.205 0.336 0.315 0.315 0.351 0.114 

 (0.11) (0.36) (0.14) (0.31) (0.42) (0.26) (0.36) (0.57) 

Non- -0.300 -0.757 -0.183 -0.239 -0.432 -0.184 -0.608 -1.249 

farm (0.21) (0.75) (0.25) (0.52) (0.74) (0.44) (0.55) (0.92) 

Skilled 0.239 0.821 0.457* 0.992** 1.165* 0.858** 0.253 1.613* 

 (0.19) (0.57) (0.25) (0.50) (0.64) (0.43) (0.58) (0.92) 

Non- -0.089 0.147 -0.260 -0.171 0.032 -0.215 -1.355*** -1.943** 

skilled (0.17) (0.58) (0.22) (0.51) (0.73) (0.42) (0.52) (0.93) 

Service 0.135 0.600 0.234 0.694 0.899 0.580 0.075 0.449 

 (0.15) (0.50) (0.20) (0.43) (0.58) (0.36) (0.45) (0.75) 

Farmer -0.112 -0.045 -0.080 -0.060 -0.070 -0.046 -0.172 -0.048 

*health (0.12) (0.09) (0.07) (0.06) (0.11) (0.04) (0.20) (0.37) 

Non- 

 

0.159 0.158 0.008 0.017 0.070 0.005 0.259 0.690 

farm 

*health 

(0.22) (0.19) (0.11) (0.10) (0.18) (0.07) (0.32) (0.59) 

Skilled -0.236 -0.205 -0.201* -0.188* -0.281* -0.134* -0.121 -1.016* 

*health (0.20) (0.15) (0.11) (0.10) (0.16) (0.07) (0.33) (0.59) 

Non-  0.122 -0.045 0.132 0.029 -0.014 0.031 0.775*** 1.251** 

skilled 

*health 

(0.18) (0.15) (0.10) (0.10) (0.18) (0.07) (0.29) (0.59) 

Service -0.161 -0.157 -0.114 -0.138 -0.225 -0.095 -0.039 -0.286 

*health (0.16) (0.13) (0.09) (0.09) (0.15) (0.06) (0.26) (0.48) 

Obs  8782 8536 8782 8536 8536 8536 8897 8959 
Notes: The indices used here are the same as those in Table 4.19; the equation also includes other controls 

in the baseline equation (except for the objective health measures).  

 

 

      Similarly, we interact current health with lagged health and included it in the 



130 

 

 

estimation because based on equation (29) the response of migration probability to 

lagged health, which is captured by the coefficient of lagged health, depends on current 

health. The results are not reported here and suggest that the interactions between 

current health and lagged health are not significant. This result indicates that the effects 

of lagged health on migration seem to not significantly depend on current health.  

      In summary, Table 4.19 presents the results when we used three main types of health 

indices. Using these health indices as another approach, we found evidence for positive 

health effects, which indicates that there might be some health effects there but they are 

sensitive to the measure of health. In addition, we interact this continuous health index 

with occupation and lagged health, finding that positive health effects are less strong for 

skilled workers than for those who are unemployed or students when the self-rated health 

is coded as a variable that takes four values ranging from zero to three and given larger 

than equal weights when combined with three objective measures (mainly the Type 2 

index); when we absorbed other health information in the data (Type 3 index), the positive 

health effects appear stronger for non-skilled workers than for those who are unemployed 

or students in terms of promoting migration probability. This result hints that positive 

health effects might be relatively stronger for non-skilled workers than skilled workers, 

which is consistent with the results when we used the categorical version of health 

variable (Table 4.6) and the theoretical model.  

 

4.6 Conclusion  

 

      This chapter developed a theoretical model to assess the effects of health on migration. 

Based loosely on Jasso et al.(2004)’s model of health selectivity, we established a model 

in the same way as Borjas' (1987) self-selection model; the health effects derived from 

this selectivity model suggest that health effects vary with occupation or education and 

allowed us to derive the interaction between health and proxies for occupation and 

education. Based on this framework, we applied a probit model and found that those self-

evaluating as having “fair”, “good” or “excellent” health were more likely to migrate than 

those self-evaluating as having “poor” health; in other words, the distinction seems to be 

driven by those self-evaluating as having “poor” health being less likely to migrate.  
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     We tested the hypothesis on the interaction of health with occupation or education 

derived from our model, finding that the health effects tend to be larger for lower skilled 

workers, which is consistent with what the model predicts, although not larger for people 

with lower education levels. We also tested the hypothesis on the indirect effects, by 

which we mean the effects of earlier health on education attainment, finding that self-

evaluating as having “fair”, “good” or “excellent” health between the ages of 13 and 16 

has a positive effect on the highest education degree they obtained after they were 16 

years old. To gain insight into the long-term effects of health, we estimated the effects of 

lagged health on migration, finding that the effects of lagged health on migration not to 

be significant. Next, we examined the effects of changes in health, but did not find 

evidence that improvements in health led to increased migration probability, with the 

fixed effects estimate and the random effects estimates also suggesting that the effects of 

a change in health are not significant. Interestingly, we did find that health effects 

estimates are sensitive to the measure of health; when we estimated the main equation 

using a health index created by collapsing various variables into a simple measure, we 

found the estimates for health effects to be sensitive to the type of variables and the 

weights assigned to variables in the index, and that the estimates appear more significant 

when the index is based on more health variables and gives more weight to the self-rated, 

as opposed to the “objective” measures of health. 

       To conclude, we found positive but relatively weak evidence on the health selectivity 

of migrants. We conducted various tests to investigate these health effects, and although 

we did not find conventionally statistically significant effects, this might be due to the 

substantial heterogeneity across households and circumstances, as well as the rather small 

sample we had and the weaknesses associated with the measures we had to use. 

Additionally, the variation in health might not be substantial due to the age range (16-35 

years) of the sample. More importantly, it is noteworthy that when we extracted more 

information from the data to construct a simple continuous health index, the health effects 

appeared more significant, especially when the index gave more weight to the self-rated, 

as opposed to the “objective” measures of health. This result offers some suggestion that 

there might be a stronger health effect if we use more health information from the data.  
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Conclusions and Policy Recommendations  

 

       This thesis conducted empirical analysis on the intergenerational transmission of 

adiposity across countries and in China, and the relationship between health and 

migration decision in China.  

        We conducted three sets of separate and related analysis in this thesis. In the first 

empirical chapter, we set up an empirical model on the intergenerational transmission (of 

income, education or BMI). Using different datasets from around the world: China Health 

and Nutrition Survey (CHNS), Indonesian Family Life Survey (IFLS), British 1970 

Cohort Studies (BCS1970), Health Survey for England (HSE), National Health and 

Nutrition Examination Survey (NHNAES), the Spanish National Health Survey (ENS-

2006) and the Survey for the Evaluation of Urban Households (ENCELURB) data in 

Mexico, we estimate the intergenerational transmission of adiposity in these countries.  

We find that the elasticity of intergenerational transmission is relatively constant – at 0.2 

per parent, this elasticity is comparable across time and countries, regardless of the 

economic development degree and the main ethnic composition of the country. To 

investigate the variation in this intergenerational elasticity across the BMI distribution, 

we conduct quantile estimation and the results suggest that this intergenerational 

transmission mechanism is more than double for the fattest children as it is for the thinnest 

children.  The results indicate a large fraction of adiposity determination within the family, 

particularly for the fatter children. This seems to be a general pattern across different 

countries.  Therefore, one policy implication is to put more attention on family and 

parents, making parents better informed or educated on healthy lifestyle and healthy 

dietary could be the options.     

       In the second chapter, using BMI z-score as another measure of adiposity, we 

estimate the intergenerational transmission of adiposity in China. Based on the CHNS 

longitudinal data from 1989 to 2009, the OLS estimates suggest one standard deviation 

increase in father’s BMI z-score is associated with an increase of 0.20 in child’s BMI z-

score, and this figure is around 0.22 for the correlation between mother and child’s BMI 

z-score. These estimates decreases to around 0.14 for father-child and 0.12 for mother-

child when we control for the household fixed effects, similarly when we control for the 

individual fixed effects. The fixed effects estimates might provide some evidence for the 
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short term environmental effects of parents’ BMI on child’s BMI. By applying quantile 

estimation, we find that the correlation between father and child’s BMI z-score tends to 

be higher among fatter children, it is around 0.31 at the fattest end (90th) of child’s BMI 

z-score distribution, and around 0,18 at the thinnest end (5th) of the distribution. To 

alleviate the lifecycle bias, we estimate the quantile elasticities on the sample of children 

aged 16~18 years old (“the approaching adults”), the pattern of the estimates are similar 

to the quantile estimates on the full sample, the correlation tends to be higher at the fatter 

end of child’s BMI z-score distribution. As another dimension of the heterogeneous 

effects in the elasticity, this correlation is estimated by family socioeconomic level, we 

find this correlation does not vary substantially with family SES indicators. Additionally, 

the correlations by age group reveals that this intergenerational relationship increases 

during the first stage of the childhood and then decreases, it reaches the maximum over 

the period between childhood and the later adolescence. 

      In the third empirical chapter, using the CHNS data (1993-2009), we examine the 

“healthy migrant hypothesis” in the context of internal migration in China. Based on a 

framework set up in the same way as Borjas (1988)’s model of self-selection, we find 

those self-evaluating as having “fair”, “good” or “excellent” health are more likely to 

migrate than those self-evaluating as having “poor” health. We find that the health effects 

tend to be larger for the lower skilled workers, which is consistent with what the model 

predicts, although not larger for people with lower education levels. We also test the 

indirect effects by which we mean the effects of earlier health on education attainment, 

we find self-evaluating as having “fair”, “good” or “excellent” health between age 13 and 

16 years has a positive effect on the highest education degree they obtained after they 

were 16 years old. To gain an insight into the long term effects of health, we estimate the 

effects of lagged health on migration, we find that the effects of lagged health on 

migration are not significant. In addition, the fixed effects estimate also suggest the effects 

of change in health are not significant. However, we find the health effects estimates are 

sensitive to the measure of health; when we estimate the main equation using a health 

index which is created by collapsing various variables into a simple measure, we find the 

estimates for health effects are sensitive to the type of variables and the weights assigned 

to variables in the index, and that the estimates appear more significant when the index is 

based on more health variables and gives more weights to the self-rated, as opposed to 
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“objective” measures of health. This result offers some hints that there might be a stronger 

health effect if we use more health information from the data. 
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Appendices 

 

Appendix 2  

 

Discussion of the interaction between father and mother’s BMI 

       In our model, the interaction term between father’s BMI and mother’s BMI is also 

included in the transmission regression due to the potential interactive “reinforcing” 

effects between parents and their children. The argument here is that there is a potential 

assortative mating (Mare 1991, Kalmijn 1994) between father and mother, the subsequent 

sharing of a household environment and the nutrition regime may enforce the effects of 

father and mother’s similar BMI status. For instance, having an overweight father and an 

overweight mother may generate an interaction effect which is greater than the sum of 

these two terms together. On the other hand, if the father is overweight whereas the 

mother is normally weighted or underweighted, the interaction effects may depend on the 

role of them in this family (such as who is in charge of the food preparation or allocation) 

and their bargaining power within the household (Pollak 2005) . 

       However, in the empirical analysis we find that this interaction term is omitted when 

it is incorporated into the model, this indicates that there might not an independent role 

for the interaction effect to play in the intergenerational transmission, in other words, our 

hypothesis that the potential “ assortative mating” of father and mother has a “ reinforcing” 

effect on the BMI development of their child is not supported by our data. 

 

 

 

 

 

 

 

 

 

 



147 

 

 

Table A 2.1: The age of child by country 

 Variable Obs Mean Std. Dev. Min Max 

British Age of child 44899 14.91 4.83 1 19 

China Age of child 14081 9.085 4.78 0 17 

England Age of child 26476 9.84 4.56 2 17 

Indonesia Age of child 18650 7.17 4.23 0 14 

Spain Age of child 11114 8.05 4.81 0 16.05 

US Age of child 6581 7.24 4.31 2 16 

 

Table A2.2: Intergenerational BMI elasticity by country on children aged above 

five 

 China 

 

Indonesia 

 

UK 

 

US 

 

China 

  CHNS 

(1989-

2009) 

IFLS 

(1993-

2007) 

BCS 

(1970-

1996) 

      HSE 

(1995-2010) 

CHNS 

(1989-

2009) 

Dependent variable: Log (BMI of child) 

Log (BMI of  0.241*** 0.161*** 0.185*** 0.186*** 0.195*** 

father) (0.0127) (0.0094) (0.0097) (0.0077) (0.0175) 

Log(BMI of  0.190*** 0.147*** 0.174*** 0.196*** 0.202*** 

mother) (0.0122) (0.0078) (0.0080) (0.0065) (0.0138) 

Age of Child -0.006*** -0.0306*** 0.0472*** 0.0284*** 0.0390*** 

 (0.002) (0.0029) (0.0035) (0.0019) (0.0045) 

(Age of  0.0015*** 0.0031*** -0.0005*** 0.0001* -0.0001 

Child)2 (8.87e-05) (0.0002) (0.000122) (8.59e-05) (0.0002) 

Male Child 0.0503*** 0.0641*** -0.0741*** 0.0093 0.0193 

 (0.0076) (0.007) (0.0056) (0.0060) (0.0125) 

Male*Age of  -0.0038*** -0.0077*** 0.0052*** -0.0031*** -0.0042*** 

Child (0.00064) (0.0008) (0.0004) (0.0005) (0.0014) 

Constant 1.363*** 1.792*** 1.267*** 1.367*** 1.270*** 

 (0.0517) (0.0359) (0.0433) (0.0321) (0.0665) 

      

Observations 11,082 12,884 19,594 22,103 4,207 

R-squared 0.403 0.293 0.568 0.439 0.423 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table A2.3: Intergenerational BMI elasticity by country on children aged between 

5 and 16 years old 

 China 

 

Indonesia 

 

UK 

 

US 

  CHNS 

(1989-

2009) 

IFLS 

(1993-

2007) 

BCS 

(1970-

1996) 

      HSE 

(1995-2010) 

CHNS 

(1989-

2009) 

Dependent variable: Log (BMI of child) 

Log (BMI of  0.246*** 0.161*** 0.173*** 0.184*** 0.195*** 

father) (0.0130) (0.00939) (0.00957) (0.00793) (0.0175) 

Log(BMI of  0.195*** 0.147*** 0.161*** 0.193*** 0.202*** 

mother) (0.0126) (0.00781) (0.00813) (0.00666) (0.0138) 

Age of Child -0.0142*** -0.0306***  0.0221*** 0.0390*** 

 (0.00226) (0.00292)  (0.00209) (0.00448) 

(Age of  0.00190*** 0.00306*** 0.00149*** 0.000517*** -0.000129 

Child)2 (0.000106) (0.000154) (1.78e-05) (9.99e-05) (0.000224) 

Male Child 0.0520*** 0.0641*** 0.000229 0.0210*** 0.0193 

 (0.00785) (0.00704) (0.00732) (0.00625) (0.0125) 

Male*Age 

of  

-

0.00394*** 

-

0.00768*** 

-

0.00171*** 

-0.00438*** -

0.00418*** 

Child (0.000687) (0.000757) (0.000645) (0.000604) (0.00137) 

Constant 1.368*** 1.792*** 1.623*** 1.407*** 1.270*** 

 (0.0532) (0.0359) (0.0369) (0.0333) (0.0665) 

      

Observations 10,474 12,884 15,658 20,431 4,207 

R-squared 0.378 0.293 0.450 0.421 0.423 

Note: the variable for “age of child” is omitted due to collinearity. Robust standard 

errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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Table A 2.4: Individual fixed effects on Indonesian data 

 Indonesia 

IFLS (1993-2007) 

 Dependent variable: Log (BMI of child) 

Log (BMI of father) 0.107*** 

 (0.0309) 

Log(BMI of mother) 0.130*** 

 (0.0266) 

Age of Child -0.0413*** 

 (0.00176) 

(Age of Child)2 0.00335*** 

 (7.64e-05) 

Male Child 0.0986*** 

 (0.0321) 

Male*Age of Child -0.00562*** 

 (0.000669) 

Age of Father 0.00311*** 

 (0.00105) 

Age of Mother 0.00168 

 (0.00120) 

Constant 1.860*** 

 (0.117) 

  

Observations 18,570 

Number of pid 14,347 

R-squared 0.429 
Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

 

Table A 2.5: Assortative mating: the association between father and mother’s BMI 

 China Indonesia UK US 

CHNS 

(1989-2009) 

IFLS 

(1993-

2007) 

BCS 

(1970-1996) 

HSE 

(1995-

2010) 

NHANES 3 

(1988-1994) 

Dependent variable: Log (BMI of father) 

      

Log (BMI of  0.199*** 0.223*** 0.132*** 0.138*** 0.166*** 

mother) (0.0112) (0.00744) (0.00804) (0.00660) (0.0100) 

Constant 2.478*** 2.378*** 2.776*** 2.841*** 2.727*** 

 (0.0346) (0.0231) (0.0252) (0.0214) (0.0322) 

      

Observations 14,081 18,650 37,197 26,476 6,581 

R-squared 0.044 0.065 0.027 0.030 0.048 
Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 



150 

 

 

Table A 2.6: Intergenerational BMI elasticity by country with interaction terms of 

obese or underweight parents 

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

 

 

 

 

 

 

 

 China Indonesia UK US 

 CHNS 

(1989-

2009) 

IFLS 

(1993-

2007) 

BCS 

(1970-

1996) 

HSE 

(1995-

2010) 

NHANES 

3 

(1988-

1994) 

Dependent variable: Log (BMI of child) 

      

Log (BMI of  0.212*** 0.133*** 0.182*** 0.157*** 0.139*** 

father) (0.0121) (0.0082) (0.0094) (0.0071) (0.0131) 

Log (BMI of  0.177*** 0.130*** 0.164*** 0.173*** 0.146*** 

mother) (0.0113) (0.0069) (0.00778) (0.0060) (0.0104) 

Obese father*  -0.0049 0.0147 -0.0280* 0.0121** 0.0194* 

mother (0.101) (0.0193) (0.0158) (0.0054) (0.0103) 

Underweight  0.0017 0.00753** -0.0018 -0.0133 0.0120 

father*mother (0.0049) (0.0036) (0.0098) (0.0199) (0.018) 

Age of Child -0.0346*** -0.0347*** -0.0242*** -0.0043*** -0.00415** 

 (0.0010) (0.0009) (0.0006) (0.0010) (0.0020) 

(Age of 

Child)2 

0.00267*** 0.00318*** 0.0021*** 0.0015*** 0.0019*** 

 (4.96e-05) (5.94e-05) (2.37e-05) (5.07e-05) (0.0001) 

Male Child 0.0271*** 0.0422*** -0.0333*** 0.0165*** 0.0195*** 

 (0.0048) (0.0038) (0.0040) (0.0036) (0.0055) 

Male*Age of  -0.0019*** -0.0055*** 0.0026*** -0.0036*** -0.0041*** 

Child (0.0005) (0.0005) (0.0003) (0.0004) (0.0008) 

Constant 1.651*** 1.958*** 1.765*** 1.710*** 1.837*** 

 (0.0501) (0.0321) (0.0369) (0.0308) (0.0521) 

      

Observations 14,081 18,650 21,253 26,476 6,581 

R-squared 0.355 0.225 0.552 0.452 0.449 
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Table A 2.7: Intergenerational BMI elasticity for parents and child on pooled data,                    

Indonesian as the reference group 

 (1) (2) (3) (4) (5) 

Dependent variable: Log(BMI of child) 

Log (BMI of  0.161*** 0.200***  0.166*** 0.161*** 

father) (0.0040) (0.0041)  (0.00451) (0.0042) 

Log (BMI of  0.163***  0.189*** 0.165*** 0.162*** 

mother) (0.0034)  (0.0034) (0.0039) (0.0036) 

Obese      0.0129*** 

father*mother     (0.0045) 

Underweight     0.0125*** 

father*mother     (0.0027) 

Age of Child -0.0202*** -0.0193*** -0.0199*** -0.020*** -0.020*** 

 (0.0004) (0.0004) (0.0004) (0.0004) (0.0004) 

(Age of  0.0021*** 0.0021*** 0.0021*** 0.0021*** 0.0021*** 

Child)2 (1.76e-05) (1.78e-05) (1.74e-05) (1.73e-05) (1.76e-05) 

Male Child 0.0132*** 0.0127*** 0.0134*** -0.0002 0.0132*** 

 (0.0019) (0.0019) (0.0019) (0.0021) (0.0020) 

Male*Age of  -0.0018*** -0.0018*** -0.0018*** -0.0004* -

0.0018*** 

Child (0.0002) (0.0002) (0.0002) (0.0002) (0.0002) 

China 0.0435*** 0.0372*** 0.0471*** 0.0446*** 0.0440*** 

 (0.0017) (0.0017) (0.0017) (0.0017) (0.0017) 

British 0.0440*** 0.0403*** 0.0618*** 0.0477*** 0.0452*** 

 (0.0016) (0.0016) (0.0015) (0.0016) (0.0016) 

England 0.0706*** 0.0824*** 0.102*** 0.0707*** 0.0712*** 

 (0.0017) (0.0017) (0.0015) (0.0017) (0.0017) 

US 0.0668*** 0.0778*** 0.0947*** 0.0657*** 0.0674*** 

 (0.0022) (0.0023) (0.0022) (0.0023) (0.0022) 

Constant 1.741*** 2.126*** 2.154*** 1.726*** 1.743*** 

 (0.0151) (0.0127) (0.0108) (0.0170) (0.0167) 

      

Observations 87,041 87,300 88,445 87,041 87,041 

R-squared 0.499 0.479 0.487 0.525 0.499 

Notes: Robust standard errors in parentheses, column (4) results are sample weighted.The dummy 

Obese_father*mother=1 if the BMI of father and mother are above 30, Under_father*mother=1 if the 

BMI of father and mother are below 20, *** p<0.01, ** p<0.05, * p<0.1 
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 Table A 2.8: Intergenerational BMI elasticity on sample with approaching adult 

children (age>16), Indonesian as the reference group 

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

Dependent Variable: BMI of child 

BMI of father 0.189*** 0.246***  0.195*** 0.234***  

 (0.0102) (0.0102)  (0.0108) (0.0110)  

BMI of  0.163***  0.206*** 0.185***  0.210*** 

mother (0.0088)  (0.0088) (0.0090)  (0.0090) 

Male child -0.39*** -0.37*** -0.38*** -0.28*** -0.28*** -0.29*** 

 (0.0649) (0.0658) (0.0650) (0.0641) (0.0654) (0.0642) 

British    1.866*** 1.850*** 2.209*** 

    (0.0760) (0.0767) (0.0749) 

England    0.876*** 1.388*** 1.696*** 

    (0.104) (0.105) (0.0983) 

US    1.368*** 2.030*** 2.116*** 

    (0.274) (0.283) (0.285) 

Constant 13.58*** 16.11*** 17.29*** 11.46*** 14.82*** 15.27*** 

 (0.288) (0.251) (0.207) (0.302) (0.256) (0.217) 

       

Observations 13,881 13,967 14,409 13,881 13,967 14,409 

R-squared 0.099 0.063 0.064 0.128 0.085 0.094 
  Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

 

Table A 2.9: OLS estimates of the intergenerational BMI elasticity, controlling  

for age dummies and the interactions between age and gender  

  China Indonesia US CHNS 

CHNS IFLS BCS HSE  

(1989-

2009) 

(1993-

2007) 

(1970-

1996) 

(1995-

2010) 

(1989-

2009) 

Dependent variable: log (BMI of child) 

Log (BMI of  0.212*** 0.129*** 0.177*** 0.166*** 0.150*** 

father) -0.0115 -0.0077 -0.0092 -0.0067 -0.0123 

Log (BMI of  0.173*** 0.126*** 0.163*** 0.178*** 0.152*** 

mother) -0.0108 -0.0064 -0.0076 -0.0057 -0.0096 

Constant 1.689*** 1.960*** 1.747*** 1.699*** 1.817*** 

 -0.046 -0.0281 -0.0351 -0.0274 -0.045 

      

Observations 14,081 18,650 21,253 26,476 6,581 

R-squared 0.37 0.231 0.566 0.468 0.469 

Notes: The regression also includes the child age dummies and their interactions with  

 gender. Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1              
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Figure A 2.1: BMI of child and the elasticity of father’s BMI with child’s BMI 

across countries      

 

         

      Figure A 2.1 shows how the IBE varies across child’s BMI within each country. 

However, the relative position of the same child may vary with country, for instance, an 

obese child in Indonesian data might not be seen as obese in the US data. Therefore, now 

we pool these data together, calculate the quantiles of child’s BMI distribution in these 

countries, and then obtain the mean of child’s BMI in each quantile by country. Next we 

plot the mean of child’s BMI in each quantile (of child’s BMI distribution in these 

countries) by country against the corresponding elasticity estimates, in doing so we are 

able to see how this elasticity varies with the BMI levels across countries. The results are 

presented in Figure A 2.1, it suggests that the elasticity of father’s BMI with child’s BMI 

in developing countries (China and Indonesia) seems to vary more with BMI levels than 

that in developed countries (US and UK). 
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The Description of the Data55  

 

Indonesian Family Life Survey (IFLS)  

        The Indonesian Family Life Survey (IFLS) is an on-going longitudinal survey data 

which started in 1993. The sample used here is drawn from 1993, 2000 and 2007 waves 

of the survey, it is representative of 83% of the Indonesian population and contains over 

30,000 individuals living in 13 of the 27 provinces in Indonesia. This survey includes a 

range of health measures for both parents and children. It is noteworthy that as in CHNS 

data, the anthropometric outcome in IFLS survey was also measured by trained nurses 

rather than self-reported. Additionally, the IFLS data also includes information on 

socioeconomic factors such as education and income. Thus, the IFLS data is similar to 

CHNS data in terms of the survey design and measure methods, this similarity improves 

the comparability of results based on these two datasets. The sample is restricted to those 

aged from 0 to 14 years old in each wave and have both parents and household’s 

information. It is noteworthy that this is different from the CHNS data, where the child 

sample comprises those aged between 0 and 18 years old. 

      In addition, in the Indonesian Family Life Survey (IFLS), we also consider 

step/adopted children as the sample. The adopted or step children account for around 1% 

of the whole sample in each wave, for these children, the information on their parents use 

the step parents’ rather than biological parents’. 

 

British Cohort Study 1970 (BCS) 

       The 1970 British Cohort Study is an ongoing follow up study of 17,200 babies born 

in England, Scotland, Wales and Northern Ireland between 5 and 11 April 1970 who are 

still living in Britain (excluding Northern Ireland). The survey was conducted when the 

cohorts at birth, aged 5 (in 1975),10 (in 1980), 16 (in 1986),26 (in 1996), 30 (in 1999-

2000),34 (in 2004-2005) and 38 (in 2008-2009). The samples at the age 5 and 10 were 

augmented since immigrants born in the same week were added in. In this paper we use 

the cohorts in the first five waves (sweeps).  

                                                             
55 The description of the CHNS data is presented in Chapter 3. 
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      At the birth, the questionnaires were completed by midwife and the supplementary 

information was collected from clinical records. As the cohorts got older, the approach of 

survey changed, parents were interviewed by the health stuff and questionnaires were 

completed by teachers. In terms of the anthropometric information, the height and weight 

were measured at the age of 10 and self-reported at the age of 26 (Shaheen et al. 1999) 

 

Health Survey for England (HSE) 

       The Health Survey for England is designated to be nationally representative of people 

of different age, gender, geographic region and socio-demographic circumstances 56. It 

was started in 1991 and has been conducted annually since then. The survey combines 

questionnaire-based answers with physical measurements and the analysis of blood 

sample. Each year’s survey has a particular focus on a disease or condition or population 

group, but height, weight and general health are covered each year. An interview with 

household members is followed by a nurse visit. Thus, there are both self-reported and 

medically-measured height and weight in this data. In the computation of BMI, we use 

“htval” and “wtval” in the survey which are referred to as the “valid” height and weight.  

 

The National Health and Nutrition Examination Survey III (NHANES) (US) 

       The National Health and Nutrition Examination Survey (NHANES) is a program of 

studies designed to assess the health and nutritional status of adults and children in the 

United States. Four surveys of this type have been conducted since 1970: 

1. 1971-75—National Health and Nutrition Examination Survey I (NHANES I); 

2. 1976-80—National Health and Nutrition Examination Survey II (NHANES II); 

3. 1982-84—Hispanic Health and Nutrition Examination Survey (HHANES); 

                                                             
56 “The 1991 and 1992 surveys had a limited population sample of about 3,000 and 4,000 adults respectively. 

For 1993 to 1996 adult sample was boosted to about 16,000 to enable analysis by socio-economic 

characteristics and health regions. In 1995 for the first time a sample of about 4,000 children was also 

introduced. In the 1997 Health Survey the sample was about 7,000 children and 9,000 adults. In 1998 the 

sample was again about 16,000 adults and 4,000 children. ” 
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4. 1988-94—National Health and Nutrition Examination Survey (NHANES III);  

5. 1999-present--National Health and Nutrition Examination Survey (Continuous 

NHANES). 

       Note in NHANES data, there is only a personal identification variable (seqn), there 

is no household id on the public release file, the relationship of a participant to the 

household reference person is not publicly released57. Thus, we cannot track down the 

participants’ parents via father and mother’s id (as in CHNS and IFLS data), or identify 

the potential parents via the household id (as in English HSE data). In other words, there 

is no way to identify the parents by ID. However, in one of these surveys---NHANES III, 

there is a family background section in the youth file, where limited characteristics of the 

parents were collected, including mother and father’s height and weight.  

       NHANES III, conducted between 1988 and 1994, included about 40,000 people 

selected from households in 81 counties across the United States. In NHANES III, black 

Americans and Mexican Americans were selected in large proportions, each of these 

groups comprised separately 30 percent of the sample. It was the first survey to include 

infants as young as 2 months of age and to include adults with no upper age limit. Our 

sample is obtained by merging the youth data which includes child’s age and parents’ 

height weight with examination data which includes child’s final (medically measured) 

height weight. Our final sample includes 6,582 pairs of father, mother and child.  

 

The Spanish National Health Survey (ENS-2006)  

       The Spanish data used here is from the Spanish National Health Survey (ENS-2006), 

which is the most recent statistical data collection of its type conducted by the Instituto 

Nacional de Estadistica (INE). This survey is representative at both the national and 

autonomous regional level. All the members residing at home are requested to provide 

information on certain demographic variables, adults answer the adult health 

questionnaire, and members under 16 answer the child health questionnaire. The survey 

covers the period between June 2006 and June 2007. The final sample used here includes 

                                                             
57 With the exception of dietary data, the relationship of the sample participant to the proxy is not publicly 

released, either.  
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more than 7,000 individuals, which consists of 2,139 pairs of father-child and 3,420 pairs 

of mother-child. The anthropometric measures such as height and weight are self-reported. 

 

The Survey for the Evaluation of Urban Households (ENCELURB) (Mexico) 

      This survey is a longitudinal data for three years (2002, 2004 and 2009) from the 

Survey for the Evaluation of Urban Households (ENCELURB). This survey contains 

comprehensive anthropometric and general health outcomes (such as weight, height, 

hemoglobin levels, diabetes status, etc), and all the anthropometric measures such as 

weight and height have been collected by medical personnel, instead of self-reported.  

       This survey only includes pairs of mother-child and does not contain information on 

fathers, as the programme was initially designed to help children and their mothers, 

therefore the anthropometric information collected for children (under four years old at 

the beginning of the program in 2002 ) is more specific.  

      The sample used in this study considers 7,413 person-wave observations constituted 

by 2338 pairs of children and mothers for 2002; 3,459 for 2004; and 1,616 for 200958. 

Since children are not necessarily observed in all waves, Table A 2.7 shows the number 

of parent-child pairs that were observed more than once. We see that almost 50 percent 

of the individuals were observed at least twice in the time horizon being considered, this 

may allow us to apply individual fixed effects.  

 

Table A 2.10: The number of times children were observed in Mexican data 

 

Waves (Years) 1 2 3 

Observations 3,709 2,936 768 

Source: ENCERLUB 2002, 2004 and 2009. 

 

 

 

                                                             
58 The data relative to the external evaluation for the Oportunidades programme for Urban Households is 

also available for 2003, we omit this wave since the survey did not collect anthropometric measures this 

year. 
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Appendix 3 

 

Figure A 3.1: Map of China Health and Nutrition Survey (CHNS) Regions  

 

Note: The darker shaded regions are the provinces in which the survey has been conducted. They are: 

Guangxi; Guizhou; Heilongjiang; Henan; Hubei; Hunan; Jiangsu; Liaoning; Shandong. 

http://www.cpc.unc.edu/projects/china/proj_desc/chinamap; the CHNS data is not nationally 

representative, rather, this is a purposeful sample of selected provinces and within the provinces, counties 

and large urban areas. Thus, this result does not provide representativeness at the national, provincial or 

community levels. 

 

 

 

 

 

 

 

 

http://www.cpc.unc.edu/projects/china/proj_desc/chinamap
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Some descriptive statistics of the CHNS data  

 

Table A 3.1 displays the number of parent-child pairs that were observed for multiple 

times. These repeated observations facilitate the possibility of netting out for time-

invariant unobserved individual heterogeneity through individual fixed effects.   

 

Table A 3.1: The number of times that children were observed in CHNS  

(1989-2009) 

Waves 1 2 3 4 5 6 7 Total 

Obs 1,840 1,933 1,164 707 352 45 3 6044 

Frequency of Obs 1,840 3,866 3,492 2,828 1,760 270 21 14077 

         Note: In this longitudinal data, 1,840 individuals are observed for one wave, 1,933 individuals  

are observed for two waves, the sum of observations is 14,077. 
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Table A 3.2: Summary of BMI z-score when they were observed for 

the last time 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                             
59 Due to the potential error in data recording for height and/or weight, some children’s BMI z-scores are 

considered as biologically implausible and flagged as missing by the Anthro software. In addition, we drop 

BMI z-scores outside of the commonly applied range (-5, 5). 

 Obs Mean Std. 

Dev. 

Min Max 

Father      

Age  6044 40.28 6.77 18.97 69.66 

Height  6044 166.42 6.39 144.8 189 

Weight  6044 62.70 10.08 38 115.3 

BMI  6044 22.58 2.93 13.06 36.39 

BMI  z-score 6044 0.019 0.96 -4.64 3.15 

Mother       

Age  6044 38.64 6.32 19.57 66.01 

Height  6044 155.89 5.78 131 175.5 

Weight  6044 55.17 8.71 33.2 98 

BMI 6044 22.66 3.06 15.08 41.32 

BMI z-score 6044 0.28 0.87 -2.79 3.79 

Child      

Age  6044 12.28 4.438 0.02 17.99 

Height  6044 142.87 24.50 50 186 

Weight  6044 38.66 15.08 3.2 97.7 

BMI 6044 18.02 2.89 10.74 39.07 

BMI z-score 602859 -0.35 1.19 -4.85 5 
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Table A 3.3: Summary of height, weight and BMI z-score (from Pooled Data) 

 

 

 

 

 

 

 

 

 

 

 

 

Table A 3.2 presents the basic summary statistics of the maximum number of complete 

sets of child, mother and father the last survey time we observe them, Table A 3.3 presents 

the summary statistics of the pooled observations. They suggest that the Chinese are still, 

predominantly shorter and lighter than people in developed western countries, but there 

is still a high variance to be explained.  

 

 

 

 

 

 

 

 

 

 

 Obs Mean Std. 

Dev. 

Min Max 

Father      

Age  14077 37.51 6.93 18.97 69.66 

Height  14077 166.22 6.26 144.8 189 

Weight  14077 61.49 9.49 38 115.3 

BMI  14077 22.20 2.76 13.06 36.39 

BMI z-score 14077 -0.10 0.93 -4.64 3.15 

Mother       

Age  14077 35.92 6.50 18.31 66.01 

Height  14077 155.70 5.68 131 179 

Weight  14077 54.11 8.36 32.5 98 

BMI 14077 22.28 2.93 14.72 41.32 

BMI z-score 14077 0.169 0.85 -3 3.79 

Child      

Age  14077 9.59 4.78 0.02 17.99 

Height  14077 128.01 27.84 50 186 

Weight  14077 30.02 15.01 3.2 97.7 

BMI 14077 17.07 2.72 10.74 39.07 

BMI z-score 14006 -0.21 1.25 -4.99 5.38 
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Discussion of BMI z-score and BMI  

 

      BMI z-scores are computed based on the comparison with reference population in 

terms of mean and standard deviation. In this paper, the reference population comes from 

the World Health Organization (WHO), there are three main versions of references: the 

1978 WHO/NCHS Growth References (for children up to age10), the WHO Growth 

References (for children and adolescents up to age 19), and the 2006 WHO Growth 

Standards (for preschool children, under 6 years of age) (Wang and Chen 2012). 

       Most of the earlier versions are based on growth references developed and used in 

the US. For 1978 WHO/NCHS (National Center for Health Statistics), the growth  

reference for infants was developed based on data collected from the Fels Longitudinal 

study, which followed mainly formula-fed children in Ohio State in the USA (Wang and 

Chen, 2012). In 2006, WHO generate the 2006 WHO Child Growth Standards for which 

the data was collected from Brazil, Ghana, India, Norway, Oman, and the USA. In 2007, 

the 2007 WHO reference was released for children and adolescents aged 5 to 19 years, 

using the same sample as for the 1978 WHO/NCHS growth references (Onis 2007). Thus, 

the references used in this paper are the 2006 WHO Child Growth Standards for preschool 

children under 5 years of age and the 2007 WHO Growth Reference for school-age 

children and adolescent aged 5 to 19 years of age. 

        In stata, the BMI zscores are calculated using the igrowup_standard.ado file 

downloaded from the WHO website 60 . This file calculates z-scores for eight 

anthropometric indicators based on the WHO Child Growth Standards, body mass index 

(BMI)-for-age is one of them. The macro produces sex- and age-specific estimates for the 

prevalence of under/over nutrition and summary statistics (mean and SD) of the z-scores 

for each indicator. Extreme (i.e. biologically implausible) BMI z-scores (less than -5 and 

more than 5) are flagged. 

         The BMI z-score system assumes the BMI values to be normally distributed and 

computes the z-score based on the formula 𝑧 =
𝑥−𝑢 

𝜎
, where 𝑥 is the individual’s BMI 

value , 𝜇 is the mean BMI value of reference population , and 𝜎 is the standard deviation 

                                                             
60  They can be downloaded from http://www.who.int/childgrowth/software/en/ for Child growth 

standards (0~5 years old) and  http://www.who.int/growthref/tools/en/ for Growth reference (5~19 years 

old). 

http://www.who.int/childgrowth/software/en/
http://www.who.int/growthref/tools/en/
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of reference population, here the reference population refers to the sample from the WHO 

macro software61. Thus, the anthropometric measure is expressed as a range of standard 

deviations or z-scores above or below the mean or median value of reference population. 

The BMI z-score adjusts the BMI value for age and gender, thus it is more comparable 

across ages and genders compared to BMI values which are age and gender independent 

(Wang and Chen 2012). In the conversion of BMI z-score, since the maximum age 

available for 2007 WHO reference is 19 years old, the age of parents over 19 years old 

will be treated as 19-year when their BMI z-scores are calculated, in other words, we 

assume that parents’ BMI z-score follows the distribution of reference population aged 

19 years old if the parents are over 19 years old. In addition, due to the potential error in 

data recording for height and/or weight, some children’s BMI z-scores (below -5 and 

above 5) are considered as biologically implausible and flagged as missing by the Anthro 

software. 

       However, Note most of the papers argue that BMI is better than z-score, and z-score 

makes things more complicated. Cole (2007) argues that BMI or BMI % are more 

appropriate scales than BMI z-scores to measure the changes in adiposity, as the within-

child variability over time depends on the child’s level of adiposity rather than the relative 

position to the reference population. Though in the case of a single cross section, BMI z-

score is a better measure for the level of adiposity.  

 

 

 

 

 

 

 

                                                             
61 It is argued that it might not be appropriate to use the WHO criteria to apply to some populations in the 

Western Pacific Region due to their anthropometric characteristics. 

file:///C:/Users/mimixiao/Desktop/27Dec/Draft%201Jan2013.docx%23_ENREF_23
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Table A 3.4 : Intergenerational correlation of BMI z-score on children aged above 

five 

 (1) (2) (3) (4)  (5) 

Dependent Variable: BMI z-score of child 

BMI z-score of father 0.308***  0.267*** 0.275*** 0.274*** 

 (0.0156)  (0.0152) (0.0151) (0.0152) 

BMI z-score of mother  0.277*** 0.219*** 0.244*** 0.245*** 

  (0.0194) (0.0184) (0.0186) (0.0186) 

Male of child    -0.212*** -0.211*** 

    (0.0744) (0.0744) 

Age dummies of child    Y Y 

Age dummies of child* 

Male of child 

   Y Y 

Age of father     -0.00799* 

     (0.00470) 

Age of mother     0.00566 

     (0.00525) 

Constant -0.402*** -0.478*** -0.453*** -0.0959* -0.0122 

 (0.0150) (0.0158) (0.0149) (0.0534) (0.114) 

      

Observations 10,969 10,969 10,969 10,969 10,969 

R-squared 0.063 0.044 0.090 0.129 0.129 
Standard errors are clustered at the household level in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

Table A 3.5: Intergenerational correlation of BMI z-score (father-son, father-

daughter, mother-son, mother-daughter) 

 (1) (2) (3) (4) 

Dependent variable: BMI z-score of child 

 Boys Girls Boys Girls 

     

BMI z-score of father 0.223*** 0.212***   

 (0.0250) (0.0242)   

BMI z-score of mother   0.215*** 0.209*** 

   (0.0298) (0.0249) 

Constant 1.074*** 0.594** 1.070*** 0.593** 

 (0.281) (0.278) (0.276) (0.279) 

     

Observations 5,137 4,399 5,137 4,399 

R-squared 0.196 0.236 0.193 0.232 

    Robust standard errors in parentheses 

      *** p<0.01, ** p<0.05, * p<0.1 
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Table A 3.6: The number of children in households 

The number of children  

in the household 

The number of  

observations 

Percentage (%)  

   

1 6,644 47.18 

2 5,518 39.18 

3 1,638 11.63 

4 216 1.53 

5 60 0.43 

6 6 0.04 

   

Total 14,082 100 
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Corresponding results using raw BMI (rather than BMI z-score)  

       Instead of BMI z-score, we also estimate the intergenerational elasticity of BMI using 

the log of raw BMI based on formula BMI = [
weight(kg)

height2(cm)
] ∗ 10,000, controlling for age, 

age square, gender of child, the interactions between them and the age of father and 

mother, as we did in Chapter 2. The results are presented below, they suggest the results 

of intergenerational elasticity of BMI are consistent with those of intergeneration 

correlation of BMI z-score (as shown in the main text of Chapter 3). This consistency 

implies that the intergeneration correlation of adiposity is robust to the measure of 

adiposity.  

 

Table A 3.7: OLS estimates of the intergenerational BMI elasticity 

Table A 3.7 is directly comparable to Table 3.1. 

 (1) (2) (3) (4) (5) 

Dependent variable: Log(BMI of child) 

Log (BMI of Father) 0.291***  0.238*** 0.211*** 0.210*** 

 (0.013)  (0.013) (0.012) (0.012) 

Log (BMI of Mother)  0.282*** 0.234*** 0.173*** 0.174*** 

  (0.012) (0.012) (0.011) (0.011) 

Age of Child    -0.035*** -0.034*** 

    (0.001) (0.001) 

(Age of Child)2/100     0.267*** 0.267*** 

    (0.005) (0.005) 

Male    0.027*** 0.027*** 

    (0.005) (0.005) 

Age*Male    -0.002*** -0.002*** 

    (0.000) (0.000) 

Father’s age     -0.001 

     (0.000) 

Mother’s age     0.000 

     (0.000) 

Constant 1.926*** 1.954*** 1.363*** 1.665*** 1.680*** 

 (0.040) (0.037) (0.050) (0.046) (0.046) 

      

Observations 14,082 14,082 14,082 14,082 14,082 

R-squared 0.053 0.056 0.090 0.355 0.355 

  Notes: Robust standard errors in parentheses, standard errors clustered at individual level, *** p<0.01,  

  ** p<0.05, * p<0.1  
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Table A 3.8: OLS estimates of the intergenerational BMI elasticity with more 

controls 

Table A 3.8 is directly comparable to Table 3.2. 

 (1) (2) (3) (4) (5) 

Dependent Variable: Log (child’s BMI)   

 Log(BMI of father) 0.201*** 0.198*** 0.173*** 0.169*** 0.168*** 

 (0.0126) (0.0126) (0.0127) (0.0127) (0.0127) 

Log(BMI of mother) 0.164*** 0.163*** 0.144*** 0.142*** 0.141*** 

 (0.0116) (0.0117) (0.0115) (0.0116) (0.0116) 

Household characteristics Y Y Y Y Y 

Year fixed effects  Y  Y Y 

Province fixed effects   Y Y Y 

Province*Year     Y 

N 9,588 9,588 9,588 9,588 9,588 

R-squared 0.347 0.348 0.362 0.364 0.372 

Note: the regression also includes: age of child, (age of child)2, gender of child, gender*age of child, 

gender*(age of child)2,   father and mother’s age. Household characteristics include household income 

per capita, household size , father’s occupation, mother’s education. “Province*Year” are interactions of 

dummies for the child’s province of residence and the survey year. Standard errors clustered at the village 

(or town) and year level in parentheses. 
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Table A 3.9:  OLS estimates of the intergenerational BMI elasticity, controlling for 

the lagged value of Child’s BMI         

Table A 3.9 is directly comparable to Table 3.3. 

 (1) (2) (3) 

Dependent variable: Log(BMI of child) 

Log (BMI of Father) 0.211*** 0.169*** 0.169*** 

 (0.013) (0.011) (0.011) 

Log (BMI of Mother) 0.195*** 0.135*** 0.135*** 

 (0.012) (0.011) (0.011) 

Age of Child  -0.004** -0.004** 

  (0.002) (0.002) 

(Age of Child)2/100  0.116*** 0.116*** 

  (0.009) (0.009) 

Male  0.025*** 0.025*** 

  (0.007) (0.007) 

Age*Male  -0.0027*** -0.002*** 

  (0.001) (0.001) 

Father’s age   -0.0001 

   (0.000) 

Mother’s age   -0.0003 

   (0.000) 

Log (Child’s BMI in t-1) 0.471*** 0.384*** 0.384*** 

 (0.014) (0.014) (0.014) 

Constant 0.259*** 0.718*** 0.731*** 

 (0.056) (0.057) (0.057) 

    

Observations 8,037 8,037 8,037 

R-squared 0.274 0.487 0.487 

                       Notes: Robust standard errors in parentheses, standard errors clustered at  

                          individual level, *** p<0.01, ** p<0.05, * p<0.1      
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Table A 3.10: Fixed Effects Estimates of the intergenerational elasticity 

Table A 3.10  is directly comparable to Table 3.4 and Table 3.5.  

 (1) (2) (3) (4) 

 Individual 

Fixed 

Effects 

Individual 

Fixed 

Effects 

Household 

Fixed 

Effects 

Household 

Fixed 

Effects 
Dependent variable: Log(BMI of child) 

Log (BMI of father) 0.130*** 0.138*** 0.140*** 0.148*** 

 (0.024) (0.024) (0.023) (0.023) 

Log(BMI of mother) 0.124*** 0.131*** 0.110*** 0.116*** 

 (0.023) (0.023) (0.021) (0.021) 

Obese father*mother   -0.013  -0.006 

  (0.118)  (0.116) 

Underweight father*mother   0.012**  0.013** 

  (0.006)  (0.006) 

Age of Child -0.0334*** -0.033*** -0.036*** -0.036*** 

 (0.005) (0.006) (0.001) (0.001) 

(Age of Child)2/100 0.277*** 0.276*** 0.271*** 0.270*** 

 (0.006) (0.006) (0.006) (0.006) 

Male of Child   0.030*** 0.030*** 

   (0.006) (0.006) 

Male*Age of Child -0.003*** -0.003*** -0.003*** -0.003*** 

 (0.001) (0.001) (0.001) (0.001) 

Age of Father 0.008 0.008 0.005*** 0.005*** 

 (0.005) (0.005) (0.002) (0.002) 

Age of Mother -0.010* -0.010* -0.004** -0.004** 

 (0.005) (0.005) (0.002) (0.002) 

Constant 2.118*** 2.075*** 2.052*** 2.005*** 

 (0.170) (0.171) (0.083) (0.086) 

Observations 14,082 14,082 14,014 14,014 

Number of individuals 6,045 6,045   

Number of households   3,711 3,711 

R-squared 0.399 0.399 0.356 0.356 

  Notes: Robust standard errors in parentheses, standard errors clustered at individual level, *** p<0.01,  

  ** p<0.05, * p<0.1  
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Table A 3.11: OLS estimates of the intergenerational BMI elasticity with the 

interactions of parental BMI variable with family socioeconomic factors 

Table A 3.11 is directly comparable to Table 3.6.  

 Mother-child 

elasticity 

 Father-child  

elasticity Dependent variable: Log (BMI of child)  

Model1  Model1  

Log(BMI of mother) 0.197*** Log(BMI of father) 0.207*** 

 (0.0195)  (0.0232) 

Income quarter: (Ref.: 0-25th percentile) 

of Income) 

Income quarter: (Ref.: 0-25th percentile) 

of Income) 25-50th percentile of 

Income 

0.0886 25-50th percentile of 

Income 

0.0757 

income (0.0825) income (0.0913) 

50-75th percentile of 

Income 

0.126 50-75th percentile of 

Income 

0.0613 

income (0.0803) income (0.0893) 

>75th percentile of 

Income 

0.0278 >75th percentile of 

Income 

-0.0898 

income (0.0867) income (0.0928) 

25-50th* Log(BMI of 

mother) 

-0.0313 25-50th* Log(BMI of 

father) 

-0.0272 

mother) (0.0269) father) (0.0299) 

50-75th* Log(BMI of 

mother) 

-0.0435* 50-75th* Log(BMI of 

father) 

-0.0225 

mother) (0.0262) father) (0.0292) 

>75th* Log(BMI of 

mother) 

-0.00861 >75th* Log(BMI of 

father) 

0.0292 

mother) (0.0282) father) (0.0302) 

Observations 13,707 Observations 13,707 

R-squared 0.359 R-squared 0.359 
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 Mother-child 

elasticity 

 Father-child  

elasticity Dependent variable: Log (BMI of child) 

  Model 2  Model 2  

Log( BMI of mother) 0.215*** Log (BMI of father) 0.174*** 

 (0.0121)  (0.0158) 

Highest degree: (Ref.: Primary and less) Occupation: (Ref.: famer)  

High school 0.00656 Skilled/non- worker 

and other 

-0.131* 

 (0.0720) skilled/service  (0.0701) 

Technical and Tertiary 0.178 Professional/ 

/manager/office 

-0.0879 

 (0.139) technical/executive/ 

 

(0.0952) 

  administrative   

High school* log (BMI of 

mother) 

0.000494 Skilled/non-skilled 

skilled/service 

worker and other* 

Log(BMI of father) 

0.0432* 

mother) (0.0233) *log (BMI of father) (0.0228) 

Technical and Tertiary* 

Log(BMI of mother) 

-0.0498 Professional/ 

xecutive/manager/of

fice* Log(BMI of 

father) 

0.0328 

log (BMI of mother) (0.0448) *log (BMI of father) 

 

(0.0307) 

Observations 10,346 Observations 13,237 

R-squared 0.339 R-squared 0.360 
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 Mother-child 

elasticity 

 Father-child  

elasticity Dependent variable: Log (BMI of child) 

  Model 3  Model 3  

Log (BMI of mother) 0.206*** Log (BMI of father) 0.182*** 

 (0.0107)  (0.0183) 

The proportion of time in 

poverty over the survey 

years: (Ref.: 75%-100% 

of time in poverty) 

 The proportion of time 

in poverty over the 

survey years: (Ref.: 

75%-100% of time in 

poverty) 

 

50-75% of time in 

poverty 

0.101 50-75% of time in 

poverty 

-0.0730 

poverty (0.102) poverty (0.110) 

1-50% of time in poverty 0.163* 1-50% of time in poverty 0.0537 

 (0.0878)  (0.103) 

Never in poverty 0.0707 Never in poverty -0.135* 

 (0.0662)  (0.0710) 

50-75% of time in 

mother) 

-0.0333 50-75% of time in 

poverty *Log (BMI of 

father) 

0.0233 

Poverty*log (BMI of (0.0331) Poverty*log (BMI of (0.0358) 

mother)  mother)  

1-50% of time in 

poverty* Log (BMI of 

mother) 

-0.0534* 1-50% of time in 

poverty* Log (BMI of 

father) 

-0.0178 

Poverty*log (BMI of  (0.0285) Poverty*log (BMI of  (0.0334) 

mother)  mother)  

Never in poverty* 

Log(BMI of mother) 

-0.0214 Never in poverty* 

father) 

0.0453* 

log (BMI of mother) (0.0215) log (BMI of mother) (0.0231) 

Observations 14,082 Observations 14,082 

R-squared 0.356 R-squared 0.356 

Notes: the regression also includes: age of child, (age of child)2, gender of child, gender*age of child, 

gender*(age of child)2,   father and mother’s age. Standard errors clustered at the village (or town) and 

year level in parentheses. 
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Table A 3.12: OLS estimates of the intergenerational BMI elasticity between 

mother and child by SES measures: by income level, mother’s education and world 

poverty line  

Table A 3.12 is directly comparable to Table 3.7.  

Notes: Robust standard errors in parentheses, standard errors clustered at individual level, *** p<0.01, ** 

p<0.05, * p<0.1  

 

Table A 3.13: OLS estimates of the intergenerational BMI elasticity between father 

and child by SES measures: by income level, father’s occupation and world 

poverty line 

Table A 3.13 is directly comparable to Table 3.8.  

 Sample 

size 

Elasticity Std. 

Error 

R-

squared <25th percentile of Income 3,323 0.204*** 0.0235 0.349 

25-50th percentile of Income 3,462 0.182*** 0.0207 0.372 

50-75th percentile of Income 3,461 0.190*** 0.0193 0.375 

>75th percentile of Income 3,461 0.233*** 0.0208 0.327 

Professional/technical/ 

administrator/executive/manager/office  

1,811 0.203*** 0.0298 0.311 

Skilled/non-skilled/service worker and 

other 

4,347 0.223*** 0.0188 0.347 

Farmer 7,079 0.174*** 0.0164 0.378 

75-100% of time in poverty 4,796 0.177*** 0.0202 0.394 

50-75% of time in poverty  1,522 0.217*** 0.0349 0.276 

1-50% of time in poverty 1,481 0.171*** 0.0297 0.296 

Never in poverty 6,283 0.229*** 0.0160 0.341 

  Robust standard errors in parentheses, standard errors clustered at individual level, *** p<0.01,  

 ** p<0.05, * p<0.1 

 Sample size Elasticity Std. Error R-squared 

<25th percentile of Income 3,323 0.194*** 0.0188 0.349 

25-50th percentile of Income  3,462 0.171*** 0.0190 0.372 

50-75th percentile of Income 3,461 0.159*** 0.0191 0.375 

>75th percentile of Income  3,461 0.186*** 0.0230 0.327 

Primary school 3,250 0.176*** 0.0201 0.3784 

High school 6,457 0.174*** 0.0169 0.3265 

Technical and Tertiary 639 0.139*** 0.0478 0.2801 

75-100% of time in poverty 4,796 0.194*** 0.0167 0.394 

50-75% of time in poverty  1,522 0.170*** 0.0364 0.276 

1-50% of time in poverty 1,481 0.144*** 0.0258 0.296 

Never in poverty 6,283 0.167*** 0.0165 0.341 
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Figure A 3.2: Quantile estimates of the intergenerational BMI elasticity 

Figure A 3.2 is directly comparable to Figure 3.5.  
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Figure A 3.3: Quantile estimates of the intergenerational BMI elasticity on 

Children aged 16~18 years old                

Figure A 3.3 is directly comparable to Figure 3.6.  

 

 

Table A 3.14: Estimates of the intergenerational BMI elasticity by age group 

Table A 3.14 is directly comparable to Table 3.9.  

Age Stage 

(years) 

Obs Father and Child (s.e) Mother and Child (s.e) 

0-2 1551 0.087*** 0.0137*** 

2-4 1448 0.081*** 0.093*** 

4-6 1634 0.186*** 0.156*** 

6-8 1623 0.221*** 0.163*** 

8-10 1783 0.306*** 0.214*** 

10-12 1976 0.257*** 0.213*** 

12-14 1882 0.273*** 0.227*** 

14-16 1576 0.208*** 0.182*** 

16-18 609 0.158*** 0.095*** 

   Notes: Robust standard errors in parentheses, standard errors clustered at individual level, *** p<0.01,  

  ** p<0.05, * p<0.1  
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Figure A 3.4 : Estimates of the intergenerational BMI elasticity by age group              

Figure A 3.4 is directly comparable to Figure 3.7.                                                                     
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Table A 3.15: OLS estimates of the intergenerational BMI elasticity, controlling 

for interactions between a dummy indicating whether both parents are obese and a 

dummy indicating whether both parents are underweight 

 

 (1) (2) (3) 

Dependent Variable: Log (BMI of Child) 

Log (BMI of Father) 0.219*** 0.174*** 0.173*** 

 (0.014) (0.012) (0.012) 

Log (BMI of Mother) 0.203*** 0.139*** 0.139*** 

 (0.013) (0.011) (0.011) 

Obese father*mother  -0.024 -0.024 -0.026 

 (0.063) (0.069) (0.069) 

Under weight father*mother  0.015** 0.008 0.008 

 (0.007) (0.006) (0.006) 

Age of Child  -0.004** -0.004** 

  (0.002) (0.002) 

(Age of Child)2/100  0.115*** 0.116*** 

  (0.009) (0.009) 

Male  0.025*** 0.025*** 

  (0.007) (0.007) 

Age*Male  -0.002*** -0.002*** 

  (0.001) (0.001) 

Father’s age   -0.0001 

   (0.000) 

Mother’s age   -0.0004 

   (0.000) 

Log (Child’s BMI in t-1) 0.471*** 0.384*** 0.384*** 

 (0.014) (0.014) (0.014) 

Constant 0.211*** 0.691*** 0.704*** 

 (0.061) (0.061) (0.062) 

    

Observations 8,037 8,037 8,037 

R-squared 0.275 0.487 0.487 

   Notes: Robust standard errors in parentheses, standard errors clustered at individual level, *** p<0.01,  

  ** p<0.05, * p<0.1  
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Appendix 4 

 

China Health and Nutrition Survey (CHNS)  

      In chapter 3 we already have a brief introduction of CHNS data. Here we provide 

more information, with an emphasis on the sampling and follow-up of this longitudinal 

survey.  

     Popkin (2014) provides a detailed description of the CHNS data. The CHNS is a 

collaborative project between the Carolina Population Center (CPC), University of North 

Carolina at Chapel Hill and the National Institute of Nutrition and Food Safety, CCDC. 

The CHNS was designed as a household-based study which covers nine provinces and 

eight rounds of surveys between 1989 and 2009. A multistage, random cluster design was 

used in eight provinces (Liaoning, Jiangsu, Shangdong, Henan, Hubei, Hunan, Guangxi 

and Guizhou) to select a stratified probability sample. Under this sampling scheme, two 

cities (one large and one small, usually a low income city and the provincial capital) and 

four counties (stratified by income, one high-, one low- and two middle income) per 

province were selected. Within cities, two urban and two suburban communities were 

randomly selected. Within counties, one community in the capital city and three rural 

villages were randomly chosen, twenty households were then randomly selected from 

each community. In 1997, Heilongjiang province joined the survey since Liaoning 

province dropped out of the survey, in 2000 Liaoning was added back into the survey.  
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 Figure A 4.1: Alternative Definition of health selectivity 

 

                                                             switch individual 

 

 

 

 

                        N1, mean h1                         T1   n  T2           N2, mean h2            h 

                                                                             h 

 

        In addition to the definition we use in Chapter 4, there is an alternative definition of 

health selectivity: Since 𝑊𝑠
𝑗

(ℎ𝑗
) = 𝑊0(1 + 𝜆ℎ𝑗), for the sake of exposition, if we hold 𝛼 

and 𝑊0 fixed, (𝛼 − 1)𝑊𝑠
𝑗
(ℎ𝑗) depends only on ℎ𝑗. Suppose there is a health axis ℎ, we 

rate everyone along the axis, there is a threshold 𝑇 above which people migrate, this 

threshold corresponds to the threshold 𝑇 (𝑖𝐶0) in Figure 1 and 2 , as 𝛼 and 𝑊0 are fixed 

now. As Figure A 2.1 suggests, suppose there are two thresholds 𝑇1 and 𝑇2, those who 

are rated between them are those who switch the migration status when the threshold 

shifts from 𝑇1 to 𝑇2, the number of them is 𝑛 and the mean of their health is ℎ. Initially 

the threshold is located at 𝑇1, those who are rated on the left side of the threshold are non-

migrants, the number of them is 𝑁1, and the mean of their health is ℎ1. By contrast, there 

are 𝑛 + 𝑁2 people on the other side of the threshold, the average health of these migrants 

is (𝑁2ℎ2 + 𝑛ℎ)/(𝑁2 + 𝑛). When the threshold shifts to 𝑇2, the number of non-migrants 

increases to 𝑁1 + 𝑛, and the number of migrants declines to 𝑁2. As a consequence, the 

average health of non-migrants is (𝑁1ℎ1 + 𝑛ℎ)/(𝑁1 + 𝑛), and the average health of 

migrants now is ℎ2.  The change in these mean health captures the selectivity, if the 

change in the mean health of migrants is larger than that of non-migrants when the 

threshold shifts up, it implies a positive health selectivity on migrants. As we see, for non-
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migrants, the change in their mean health is  
𝑁1ℎ1+𝑛ℎ

𝑁1+𝑛
− 

(𝑁1+𝑛)ℎ1

𝑁1+𝑛
=

𝑛(ℎ−ℎ1)

𝑁1+𝑛
, whereas this 

change for migrants is  
𝑁2+𝑛

𝑁2+𝑛
ℎ2 −

𝑁2ℎ2+𝑛ℎ

𝑁2+𝑛
=

𝑛(ℎ2−ℎ)

𝑁2+𝑛
. Which is larger depends on 

𝑁1, 𝑁2, (ℎ − ℎ1) and (ℎ2 − ℎ). In other words, what happens to the mean depends partly 

on the number of people moving (𝑛) when the threshold shifts, relative to the initial 

number of people in each group, the same number of people might account for a larger 

proportion for one group (normally migrants) than for the other.  
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A more parsimonious model   

       In addition to the specification we apply in Chapter 4, we estimate a more 

parsimonious model which allows us to have a larger sample size. As we showed earlier 

in Table 4.4, the results across the pooled sample suggest that the likelihood of migration 

is higher for those self-evaluating as having “excellent”, “good” or “fair” health than for 

those self- evaluating as having “poor” health, this indicates most of the distinction comes 

from “poor” and the rest three categories. Therefore, we combine “fair”, “good” and 

“excellence” together and convert the variable of self-rated health into a binary variable 

which equals one if the respondents rate themselves as having “fair”, “good” or “excellent” 

health, zero if they evaluate themselves as having “poor” health. Using this binary version 

of health variable, we estimate the baseline model (Table 4.4) and present the results in 

Table A 4.1, they suggest that those who self-evaluate themselves as having fair or good 

or excellent health are more likely to migrate than those who evaluate themselves as 

having poor health, this result is consistent with the results when we use the four-category 

version of health variable (Table 4.4).  

 

Table A 4.1: Probit regression of migration status on health using a more 

parsimonious model (corresponds to Table 4.4) 

 (1)  

 Pooled   

 Coeff.  Se. 

Fair/Good/Excellent 0.344** (0.16) 

Trouble working due to illness in the 

last three months 

0.171 (0.11) 

history of Bone Fracture 0.082 (0.13) 

Ever Smoked 0.060 (0.05) 

Observations 8528  
Note: The equation also includes other controls in the baseline equation (except for the objective health            

measures); standard errors are in Parentheses, *** p<0.01, ** p<0.05, * p<0.1 

         

 

Next we interact this binary version of health variable with occupation and include them 

in the estimation, the results are presented in Table A 4.2. They suggest that those who 

have fair or good or excellent health are more likely to migrate than those who evaluate 

their health as being poor. In addition, the negative coefficients of the variables “non-

farm” and “skilled” suggest that for those who evaluate their health as being “poor”, those 
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whose occupations are “non-farm” and “skilled” are less likely to migrate than those who 

are unemployed or students, this might be due to the fact that those who are unemployed 

or students with poor health. The coefficients of the interaction terms 

“Fair/Good/Excellent *Non-farm” and “Fair/Good/Excellent * Skilled” are positive, they 

suggest that compared with those who are unemployed or students, health has a stronger 

positive relationship to the migration probability for non-farm and skilled workers.  

 

Table A 4.2:  The estimates of health effects by occupation using a more 

parsimonious model (corresponds to Table 4.5)  

  

 Pooled   

 coeff s.e. 

Dependent variable: Probability of migration 

Self-rated health: Poor (Ref.)   

Fair/Good/Excellent 0.469* (0.28) 

Occupation: Unemployed/student (Ref.) 

Farmer 0.415 (0.34) 

Non-farm -3.021*** (0.32) 

Skilled -3.521*** (0.36) 

Non-skilled -0.051 (0.55) 

Service 0.592 (0.56) 

Fair/Good/Excellent * Farmer -0.383 (0.34) 

Fair/Good/Excellent * Non-farm 2.852*** (0.32) 

Fair/Good/Excellent * Skilled 3.555*** (0.37) 

Fair/Good/Excellent * Non-skilled 0.069 (0.56) 

Fair/Good/Excellent * Service -0.603 (0.56) 

Observations 8790  

Note: The equation also includes other controls in the baseline equation (except for the objective health 

measures); standard errors are in parentheses, *** p<0.01, ** p<0.05, * p<0.1. 
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The replication of Tong and Piotrowski (2012)’s work and several 

issues in the replication: 

 

      Motivated by the “healthy migrant hypothesis” which posits that migrants tend to be 

positively selected on health, we started to investigate the effects of health on migration 

using data from China. In the literature, we found a study by Tong and Piotrowski (2012). 

Based on a pooled sample composed of individuals aged 16-35 years old from five waves 

(1997-2009) of the China Health and Nutrition Survey (CHNS), they employ binary 

probit regressions to estimate the health effects on migration decision, where health and 

other control variables are measured in the wave preceding the measure of migration 

status. For instance, those who are defined as migrants in 2004 had their health measured 

in 2000. They find that migrants are positively selected on the basis of health, but more 

strongly at the beginning of their sample than at the end, their results suggest a strong 

positive selection on health among migrants. However, their study includes only a limited 

menu of tests, they do not explore the interactions between health and other factors; they 

do not explore the effects of lagged health; their study does not have a theoretical model 

to support their empirical analysis. Therefore, we attempt to make some extension 

analysis in this study, and a natural place to start was replication62. However, eventually 

we find we could not replicate their results. In the following we will go through the 

process how we conducted this replication, including alternative definitions for some 

variables, data versions and what differences these alternatives make to the estimate 

results. Also we will discuss some concerns about the way they choose the sample and 

how the corresponding estimates match up with the literature.  

 

 

 

                                                             
62 we are grateful to Yuying Tong and Martin Piotrowski (2012) for some of their stata dofiles and their 

guidance ( from the conversation with them through email) in helping me define several variables at the 

earlier stage of this replication. In this appendix we will quote some of their emails, which provide hints on 

how they define some variables and the version of data they used. (They were trying to be helpful, though 

they felt constrained from sharing their data by confidentiality arguments, either able to fully describe the 

process or share the dofile on how they process the data.)  
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Difference in data 

 

      We start by trying to replicate Tong and Piotrowski (2012)’s sample, and find we 

could not replicate their data, the descriptive statistics based on our sample are presented 

in Table A 4.3, in comparison with the corresponding statistics from Tong and Piotrowski 

(2012)’s sample, we see there are substantial differences between our sample and their 

sample. Tong and Piotrowski (2012) are not able to supply their data, we tried various 

ways to replicate the data. Next we discuss potential explanations for the differences 

between our sample and their sample.  

        First, the data we use in the replication might be different from the data used in Tong 

and Piotrowski (2012)’study. We use the 1997-2009 waves of the 2011 longitudinal data63; 

the descriptive statistics based on this data are different from those from Tong and 

Piotrowski (2012)’s study. We also collected data using 2009 longitudinal data 

(downloaded in October 2012), but find the descriptive statistics based on 2011 

longitudinal data are almost the same as those based on 2009 longitudinal data 

(downloaded in October 2012). Therefore, if the differences in the statistics between Tong 

and Piotrowski (2012)’s sample and our  sample are due to the differences in the version 

of data, this data difference appears to come from the difference between 2009, 2011 

longitudinal data and the 1989-2009 data used in Tong and Piotrowski (2012)’s study, 

rather than the difference between 2009 longitudinal data and 2011 longitudinal data. 

According to one of the authors---Yuying Tong, this data difference might be due to “their 

research design or because of different data version.” Since they started the study in 2010, 

“at that time, CHNS data they released are different from now” and requires “more data 

management than now” 64. Tong and Piotrowski (2012) “used SAS program for most of 

the data management” and “switched back and forth between SAS and stata”65 . This 

transition between the programs might be why they could not provide a perfectly clean 

account about their data and definitions. We speculate the data Tong and Piotrowski 

(2012) use might be pooled from the earlier version of cross section datasets, which might 

                                                             
63 Downloaded from the website of China Health and Nutrition Survey in February 2014 

http://www.cpc.unc.edu/projects/china, overall it includes data in the wave 1989, 2000,2004, 2006, 2009 

and 2011.   
64 From Tong’s email on 7 March 2014. 
65 From Tong’s email on 7 Febuary 2014.  

http://www.cpc.unc.edu/projects/china
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be downloaded before the release of the longitudinal CHNS data. Further evidence of the 

differences in data appears when we generated the variable for “real income in 2006 

currency”. We find in the stata codes sent by one of the authors66, this variable is directly 

available in their data, but not in either the 2011 longitudinal data or the 2009 longitudinal 

data67; rather, this variable “real income” is inflated to “2011 currency” (in the 2011 

longitudinal data) or “2009 currency” (in the 2009 longitudinal data). Therefore, the data 

used in Tong and Piotrowski (2012)’s study might be different from the 2009 or 2011 

longitudinal data and it might  not be available anymore.  

        As Table A4.1 suggests, the sample size of our  sample is larger than Tong and 

Piotrowski (2012)’s sample. One potential explanation for this larger size of our  sample 

is the following: since “the study was initiated with a different topic of health and skill 

selection”68, this data might be set up and configured for a particularly different research 

question, as a consequence, Tong and Piotrowski (2012) might start with a larger number 

of variables. In the process of data construction, since they use only observations with all 

the variables realized, their sample size might shrink due to the absence of some 

observations in some of the variables that they expected to use but eventually did not. In 

other words, they may have retained other variables where there is a large number of 

observations in the original dataset, but they did not use them in the paper. However, we 

started the replication directly with their paper, and constructed our sample directly based 

on the realization of the variables used in the paper. As a consequence, the sample size is 

larger than theirs. Secondly, in Tong and Piotrowski (2012)’s study, they “remove cases 

from the Northeast region (N=337) in 2004 because no one in the sample from that region 

migrated in that year”. However, in our sample, we find there are 25 migrants of the 329 

individuals from the northeast area between the wave 2004 and 2006, so we keep the 

northeast area in the wave 2004. 

 

                                                             
66 Here we are grateful to Yuying Tong and Martin Piotrowski (2012) for their helpful stata codes on the 

regression process, they do not supply stata codes on how they construct the variables.  
67 Online there is a pdf file “Household Income Variable Construction”, it describes how income 

variables such as “the income inflated to 2006 Yuan currency values” are constructed in the CHNS data, 

but the dataset is not now available online.  

http://www.cpc.unc.edu/projects/china/data/datasets/Household%20Income%20Variable%20Constructio

n.pdf  
68 According to Yuying Tong’s email on 9Feb 2014, she also mentioned they “have quite a large number 

of SAS program for this study and many of them do not really exactly apply this study”. 

http://www.cpc.unc.edu/projects/china/data/datasets/Household%20Income%20Variable%20Construction.pdf
http://www.cpc.unc.edu/projects/china/data/datasets/Household%20Income%20Variable%20Construction.pdf
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Difference in descriptive statistics  

 

Based on the 2011 longitudinal data, Table A 4.3 presents the descriptive statistics of our  

sample in comparison against Tong and Piotrowski (2012)’s sample. As in Tong and 

Piotrowski (2012)’s study, we apply the complete case analysis on cross section data by 

wave; the observations with missing data on any of the independent variables are removed 

from the sample.
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Table A 4.3: The descriptive statistics for independent variables (in comparison with those in Tong and Piotrowski (2012)) 

wave 
 

Pooled  1997  2000  2004  2006 

variable Mean   Mean  Mean  Mean  Mean  

 Tong Xiao  Tong Xiao  Tong Xiao  Tong Xiao  Tong Xiao 

Self-rated health               

Poor/fair 0.19 0.19  0.16 0.16  0.21 0.19  0.25 0.24  0.21 0.19 

Good 0.60 0.60  0.66 0.66  0.56 0.56  0.54 0.54  0.56 0.58 

Excellent 0.21 0.21  0.19 0.18  0.22 0.25  0.21 0.22  0.23 0.23 

Difficulty with ADLs 0.03 0.03  0.03 0.02  0.03 0.04  0.03 0.03  0.04 0.04 

Bone fracture  0.02 0.02  0.01 0.01  0.03 0.03  0.02 0.03  0.03 0.03 

Ever smoked  0.27 0.26  0.24 0.25  0.28 0.25  0.29 0.27  0.29 0.27 

Demographic               

Age 26.99 26.97  25.86 25.86  27.13 26.82  28.10 28.11  28.31 28.45 

Gender (male) 0.53 0.49  0.52 0.50  0.53 0.47  0.55 0.48  0.53 0.49 

Ever married 0.56 0.62  0.49 0.54  0.57 0.62  0.62 0.69  0.66 0.70 

Highest degree earned               

Primary or lower 0.22 0.23  0.25 0.26  0.23 0.24  0.17 0.20  0.16 0.16 
Lower middle 0.49 0.48  0.5 0.49  0.50 0.50  0.46 0.47  0.47 0.48 

Upper middle 0.15 0.16  0.16 0.17  0.14 0.14  0.17 0.17  0.13 0.15 

Technical/vocational 0.08 0.08  0.06 0.06  0.07 0.07  0.11 0.11  0.12 0.12 

College and beyond 0.06 0.05  0.03 0.02  0.06 0.05  0.09 0.07  0.11 0.09 

Occupation               

None/student 0.25 0.22  0.22 0.18  0.26 0.20  0.27 0.30  0.26 0.28 

Farmer 0.34 0.38  0.42 0.45  0.34 0.45  0.25 0.26  0.25 0.26 

               Non-farm  0.14 0.12  0.11 0.10  0.17 0.12  0.15 0.13  0.16 0.13 

Skilled 0.06 0.07  0.06 0.06  0.06 0.07  0.06 0.07  0.06 0.07 

Non-skilled 0.10 0.09  0.10 0.10  0.07 0.07  0.11 0.10  0.10 0.10 
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69 As said above, Tong and Piotrowski (2012) “remove cases from the Northeast region (N=337) in 2004”. 

 

 Pooled   1997  2000  2004  2006 

 Tong Xiao  Tong Xiao  Tong Xiao  Tong Xiao  Tong Xiao 

Service 0.12 0.12  0.09 0.10  0.10 0.10  0.16 0.14  0.16 0.16 

Ever migrated since 1993 0.08 0.09  0.05 0.07  0.05 0.05  0.12 0.10  0.13 0.18 
Household characteristics               

Rural  0.77 0.71  0.77 0.73  0.78 0.72  0.75 0.67  0.78 0.70 

Household size 4.43 4.35  4.44 4.40  4.34 4.25  4.53 4.27  4.42 4.45 

Real income in 2006 currency 4359.28 3427.64  4118.24 2485.00  4305.25 2978.50  5473.47 4443.12  6130.00 5086.25 

Log (income per capita) 9.58 11.98  9.51 11.98  9.58 11.98  9.63 11.99  9.67 11.99 

Parents               

Both parents <56 0.09 0.31  0.08 0.36  0.07 0.31  0.12 0.26  0.12 0.24 

One parent >55 0.10 0.11  0.10 0.11  0.10 0.10  0.11 0.11  0.12 0.13 

Both parents > 55 0.30 0.10  0.36 0.09  0.30 0.08  0.24 0.12  0.24 0.11 

No parents 0.50 0.49  0.46 0.45  0.54 0.51  0.52 0.52  0.51 0.52 

Spouse 0.43 0.61  0.41 0.54  0.38 0.62  0.42 0.68  0.56 0.69 

Child 0.43 0.56  0.39 0.55  0.36 0.54  0.46 0.58  0.55 0.59 

Region               

Coastal  0.22 0.21  0.22 0.22  0.22 0.20  0.26 0.20  0.20 0.21 

Northeast69 0.13 0.19  0.13 0.14  0.17 0.27  - 0.20  0.20 0.19 

Inland 0.36 0.34  0.38 0.38  0.31 0.27  0.41 0.33  0.33 0.33 

Southern mountain 0.29 0.26  0.28 0.27  0.29 0.26  0.33 0.26  0.27 0.26 

Wave               

1997 0.41 0.40  - -  - -  - -  - - 

2000 0.23 0.23  - -  - -  - -  - - 

2004 0.18 0.20  - -  - -  - -  - - 

2006 0.18 0.17  - -  - -  - -  - - 

Total number of cases  7,986 8,528  3,313 3,423  1,818 1,956  1,419 1,738  1,436 1,411 
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      As Table A 4.3 suggests, there are appreciable differences in the descriptive statistics 

for some variables, these variables are mostly dummy variables. The variables where the 

difference between our  descriptive statistics and Tong and Piotrowski (2012)’s are 

greater than 10% are shaded grey. For instance, the proportion of males is around 53% in 

Tong and Piotrowski (2012)’s statistics, while around 49% in our  statistics, and this 

difference is prevalent in the samples for separate waves70.Conversely, for the variable 

“ever married”, 56% of the respondents in Tong and Piotrowski (2012)’s pooled sample 

were reported as “ever married” (divorce, separation and widow-“previously married” 

and “currently married”), while this proportion is around 62% in our  sample71. For the 

variable of “occupation”, sixteen types of occupations in the raw data are classified into 

six main categories (Tong and Piotrowski 2012)72. Table A 4.3 suggests that 25% of the 

pooled sample in Tong and Piotrowski (2012)’s study are students or unemployed, while 

this fraction is around 22% in our  pooled sample73. Similarly, there are more non-farm 

workers in Tong and Piotrowski (2012)’s pooled sample (14%) than in our  pooled sample 

(12%), and fewer farmers in Tong and Piotrowski (2012)’s pooled sample ( 34%) than 

those in our  sample (38%). However, the fraction of households living in rural areas is 

greater in Tong and Piotrowski (2012)’s sample (77%) than that in our  sample (71%)74. 

In addition, the statistics of “real income in 2006 currency” in our  sample is significantly 

different from those in Tong and Piotrowski (2012)’s, this is not surprising since the “real 

income in 2006 currency” is not available in our data, we generate this variable by 

converting “the income in 2011 currency” using the consumer price index (2005=100) 

from World Bank. 

                                                             
70 The gender is coded based on the codebook of CHNS 1989-2011 longitudinal data.  
71 Notice there are 31 observations valued as “6”, where the corresponding meaning is not found in the 

codebook. They are coded as missing in our sample. 
72 “Farmer, fisherman, hunter” in the data are coded as farmer, “senior professional/technical worker”, 

“junior professional/technical worker”, “administrator/executive/manager” and “office staff ” are coded as 

non-farm worker”, “skilled worker” as “skilled worker”, “non-skilled worker” as “non-skilled worker”, 

“army officer, police officer”, “ordinary soldier, policeman”, “driver” and “service worker” as “service 

worker”. 
73 The variable “student/unemployed” is defined based on the question “Are you presently working?” and 

“currently in school?”, together with one of the occupation categories as a student.  
74 The rural/urban status is defined using the variable “rural/urban site”, which is the same as in the stata 

dofile sent by one of the authors. The proportion of rural residents based on this binary variable is different 

( 71% in our  sample compared to 77% in Tong and Piotrowski (2012)’s sample), this might suggest 

significant differences between our  sample and Tong and Piotrowski (2012)’s sample.I also try to define 

this variable using question on “the type of household registration”, and geographic code in the household 

questionnaire, but in the end we adopt the variable “rural/urban site”, since this one appears closer to the 

definition “from rural or urban area”. 
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There are appreciable differences in the statistics of the variable for migration experience-

--“ever migrated since 1993”.  This variable is generated based on the definition of 

“migration status”. In Tong and Piotrowski (2012)’s study,  migration status is defined as 

a change in residence across panels. It equals to “1” if the individual moved out of his/her 

county, city or province, and changed her household registration status (hukou) in the 

next wave; or was absent due to work, military service or other reasons in the next wave; 

otherwise, it equal to “0”.  Derived from this variable, the variable of “ever migrated since 

1993” is measured as a dummy variable which equals to “1” if the individual “migrates” 

in any of the previous waves after 1993 (i.e. equals to “1” if the variable of “migration 

status” equals to “1” in any of the previous waves since 1993). For instance, for migrants 

in 2006, the variable “ever migrated since 1993” equals to “1” if they migrated in 1993 

or 1997 or 2000 or 2004. 

      Perhaps the most significant differences between Tong and Piotrowski (2012)’s 

descriptive statistics and ours come from the variable “the residence and age of the 

respondent’s parents”. Parents’ “residence” is a dichotomised variable, which is defined 

based on the question “Does your father/mother live in the home?”, their ages are merged 

from the file of “physical examination” through the parents’ identification number---

“father/mother’s line number”. As Table A 4.3 suggests, for around 30% of respondents 

in our  pooled sample, both their father and mother reside at home and are aged below 56 

years old, compared with around 9% in the pooled sample used by Tong and Piotrowski 

(2012). By contrast, only around 10% of the respondents in our  pooled sample reported 

having both parents at home and parents’ age over 55 years, in comparison with around 

30% in Tong and Piotrowski (2012)’s statistics.  

      This difference is significant, so in order to find out which one is more plausible, we 

turn to other sources of information on household structure in China. Based on the sample 

of individuals aged between 16 and 35 years old, Table A 4.4 presents the summary 

statistics of “parents’ residence and age” variable in China’s 1990 census data75,  and the 

wave 1991 and 1993 76  of the 1989-2011 CHNS longitudinal data 77 . As we see, the 

                                                             
75 Downloaded from: https://international.ipums.org/international/index.shtml  
76 We choose these two waves since their timing is close to the China 1990 census data, we do not use data 

in the wave of 1989, since the information on father, mother's presence and line number are not collected 

in the 1989 wave of CHNS survey. 
77 The samples in comparison here consist of individuals aged from 16 to 35 years old,  in order to consist 

with the range of age chosen by Tong and Piotrowski (2012). In Table 2, Tong and Piotrowski (2012)’s 

https://international.ipums.org/international/index.shtml
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descriptive statistics on these samples are close to each other, and they are closer to those 

from our  sample than to Tong and Piotrowski (2012)’s sample. Specifically, column (1) 

suggests that in the 1990 China census data, around one quarter of the respondents live 

with both parents who are aged  56 years and below, this figure is closer to the 

corresponding fraction 31% from our  sample, than the 9% from Tong and Piotrowski 

(2012)’s sample. Similarly, for the third category---respondents with “no parents”, the 

fraction from Census 1990 data (7%) ( or 1991, 1993 of the CHNS data (10%) ) is 

significantly closer to the corresponding fraction (10%) in our  sample, compared to 30% 

from Tong and Piotrowski (2012)’s sample. Similarly, these fractions in the wave 1991 

and 1993 of the 1989-2011 CHNS longitudinal data are also closer to those in our  sample, 

compared to those in Tong and Piotrowski (2012)’s sample.  

 

Table A 4.4: The descriptive statistics of the variable of parental residence based 

on different samples (age 16~35 years old) 

 (1) (2) (3) (4)  (5) 

 Census 

1990 

CHNS1991 

longitudinal 

data 

 

CHNS1993 

longitudinal 

 data 

 

Our 

pooled 

sample 

Tong 

(2012) 

Pooled 

sample 

Parents      

Both parents < 56 0.25 0.26 0.29     0.31 0.09 

One parent > 55 0.10 0.12 0.12 0.11 0.10 

Both parents > 55 0.07 0.10 0.10 0.10 0.30 

No parents 0.58 0.52 0.49 0.49 0.50 

The number of 

observations 

4,317,690 3,453 3,011   8,528 7,986 

Spouse78 0.59 0.55 0.53 0.61 0.43 

Child79 0.61 0.56 0.56 0.56 0.43 

Observations 4,534,873   3,988 3,463 8,528 7,986 

     

                                                             
sample and our  sample consist of “complete cases”, which comprises observations without missing data 

on any of the independent variables; while the sample based on 1990 census  and 1991, 1993 wave of the 

CHNS data only use the variable for “parents’ residence and age”. 
78 Here the respondents with “spouse=1” includes those who are married and the spouse is present, those 

with “spouse=0” includes both non-married people (never-married, widowed, divorced, separated) and 

people who are married but spouse is absent.  In the census1990 “spouse=0” includes “Single/never married, 

Separated/divorced/spouse absent, Widowed’, “spouse=1” includes “Married/in union”. 
79 Children are defined as those younger than 12 years old. 
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      In addition, in order to check whether “the age of parents” in our sample is identified 

in a plausible way, we also follow up those households which were observed for multiple 

waves and explore whether these parents and their children age through time in a right 

way (i.e. whether their age increase with the interval between waves)80. Table A 4.5 

presents the number of times that individuals aged 16-35 years old in the CHNS 

unbalanced data (1989-2009) are repeatedly observed ( i.e. the number of individuals 

which are observed for different lengths of period in the longitudinal data). Column 2 

(observations 3,323 with frequency 6,646) suggests that 3,323 individuals are observed 

for two waves,…, and column 7 suggests that 11 individuals are observed for seven waves. 

For those who were observed for seven waves (between 1991 and 2009), Table A 4.6 

presents the summary statistics of their age and their parents’ age ( if the parents’ ages 

are available), it suggests that the age of parents and children mostly increase by the 

correct interval between waves. Figure A 4.1 provides a visualization of this pattern. For 

instance, in Figure A 4.1 (a), the lines connect the age of father observed in separate 

waves, each line traces the age of father over time for a given father, the increasing trend 

indicates that the age of father increases with waves. 

 

Table A 4.5: The number of times that individuals (aged 16-35 years old) were 

observed in the CHNS unbalanced data (1989-2009) 

Note: 5,328 individuals are observed for one wave, 3,323 individuals are observed for two waves, the sum 

of observations made on 12,262 individuals is 24,915.  

 

 

 

                                                             
80 We also browse these 11 households which stayed in the sample for seven waves (from 1991 to 2009), 

and find their age mostly increase by the interval between waves, the reason their age do not increase 

precisely by the interval between waves is: first, the intervals between survey waves might not be the 

integral number of years (i.e, might be 1.7 years---one year and eight months rather than 2 years ); 

second, the age of father and mother are missing for several waves. 

Waves 1 2 3 4 5 6 7 Total 

Obs 5,328        3,323        2,078        1,059        384         79 11 12,262       

Frequency 5,328        6,646        6,234        4,236        1,920         474 77 24,915       
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Table A 4.6: The summary statistics of the age of parents and children which were 

followed through over seven waves (from 1991 to 2009) 

 Obs  Mean Std. Dev. Min Max 

1991 

Age of father 6 43.52 1.95 41.61 46.99 

Age of mother 9 40.93 3.41 36.94 46.17 

Age of child  11 16.49 0.28 16.04 17.03 

1993 

Age of father 7 44.67 2.96 39.31 49.07 

Age of mother 9 42.97 3.43 38.94 48.36 

Age of child  11 18.55 0.29 18.09 19.04 

1997 

Age of father 7 47.48 2.64 43.31 50.29 

Age of mother 9 47.00 3.45 42.94 52.32 

Age of child  11 22.59 0.30 22.14 23.15 

2000 

Age of father 6 50.05 2.66 46.3 53.24 

Age of mother 8 50.05 3.67 45.93 55.28 

Age of child  11 25.52 0.30 25.04 26.11 

2004 

Age of father 6 54.35 2.85 50.31 57.09 

Age of mother 8 54.20 3.53 49.94 59.23 

Age of child  11 29.49 0.27 29.14 29.96 

2006 

Age of father 7 56.33 2.58 52.29 59.08 

Age of mother 9 55.88 3.46 51.92 61.28 

Age of child  11 31.47 0.29 31.07 31.96 

2009 

Age of father 6 59.06 2.61 55.33 62.09 

Age of mother 9 60.63 5.86 54.95 73.44 

Age of child  11 34.49 0.26 34.03 34.95 
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Figure A 4.2: The age of parents and children who were observed for seven waves  

 

                                                     (a)                         

     

                                                      (b)           
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                                                     (c)                           

 

        

      Another variable where the significant difference between Tong and Piotrowski 

(2012)’s sample and our  sample is found is the variable for spouse’s presence. Table A 

4.3 suggests that there are substantial differences between Tong and Piotrowski (2012)’s 

sample (0.43) and our  sample (0.60). Here the “spouse’s presence” is a dichotomous 

variable which equals to 1 when the respondent has a spouse present at home (which is 

for the married respondents); while equals to 0 when the respondent does not have a 

spouse or he has a spouse but the spouse is not at home. Notice the respondents with 

“spouse=0” includes both non-married people (never-married, widowed, divorced, 

separated) and people who are married but without spouse’s presence at home. Therefore, 

this is not a variable which is observed only on the married people 81. Rather, this variable 

“spouse’s presence” is defined relative to the whole sample82. This is the same way the 

variable “whether live with a spouse” is defined in Ahn et al. (2013)’s study. Using a 

                                                             
81 In that case (If the variable “spouse’s presence” is only for the married people), the proportion of 

“spouse’s presence” would be around 90%. 
82 we realized this when we was looking into the “selection issue”, which concerns that the households 

without a family member aged 16-35 years old at home might disappear from the sample.  we find that the 

migration status of individuals aged 16-35 years old would be reported if any family member was present 

at home (regardless of the age of this family member). 
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sample of individuals aged 60 years and older in the 1997-2006 wave of the CHNS data, 

Ahn et al. (2013) find that over 60% of the sample “live with  a spouse”, where the 

variable of “whether live with a spouse” is defined based on the dichotomization of the 

variable “marital status” (i.e. the variable of  “whether live with a spouse” equals to 1 if 

the variable of “marital status” equals to 1; while equals to 0 if the variable of “marital 

status” equals to 0)83. In addition, informed by Chen (2012), who examined the effects of 

spousal absence/presence on the health trajectory, we also use the variable “husband at 

home or not”, which is designed for the ever-married women in the data file of “marriage 

history”, as a source of supplementary information to help construct the variable of 

“spouse’s presence”. However, we find that for some observations, the answers to the 

question “does spouse live at home” contradicts with those to the question “does husband 

live at home”. Since from the stata dofile sent by Tong and Piotrowski (2012), it seems 

that Tong and Piotrowski (2012) construct the variable based on the question “does 

spouse live at home” from the data file of “roster”, we follow them and also adopt “does 

spouse live at home” as the source of information to construct our  variable for “spouse’s 

presence”. One of the problems with this source is that there is a relatively high proportion 

of missing values (90.54%)84 for this variable. Therefore, we combine this variable with 

another variable “spouse’s line number” where the proportion of missing values is 

42.61%, to construct the variable for “spouse’ presence”. As a test on the plausibility, 

Table 4.A.2 also presents the descriptive statistics of this variable in 1990 census, and the 

wave 1991, 1993 of the 2011 longitudinal data. As the left two columns of Table A 4.4 

suggest, the statistics of these variables appear closer to our  sample compared to Tong 

and Piotrowski (2012)’s sample. And the same holds for the variable “child’s residence”, 

where child is defined as those younger than 12 years old. Therefore, the comparison of 

the statistics of “spouse” variable between Tong and Piotrowski (2012)’s sample and our  

sample, again, lends some confidence to the credibility of our  sample. 

       To summarize, as Table A 4.3 suggests, based on the samples composed of different 

number of observations, there are significant differences in the magnitude of descriptive 

statistics for several variables between our  sample and Tong and Piotrowski (2012)’s. 

                                                             
83 In Ahn et al. (2013)’s answer to our  email on how they obtain the variable of “Living with a spouse (or 

not)”, they told me they “simply dichotomized” the variable of “marital status”, though it is not clear to me 

why they used the variable of “marital status” as equal to “Living with a spouse (or not)”. 
84 Given by the codebook of the China Health and Nutrition Study (CHNS) Roster File 1989-2011. 
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Migrant status 

 

       Thus far, we have discussed the definition of explanatory variables. In terms of the 

definition of outcome variable “migrant status”, we follow Tong and Piotrowski (2012)’s 

paper and the do files sent by the authors. we define those who change hukou status 

(notice this requires this “hukou” variable is not missing in the adjacent waves) and those 

who are absent for military, employment or other reason in the next wave as migrants; 

those who remain at home, or are not living in home, but in the same 

village/neighbourhood or the same county85, or those who have gone to school in the next 

wave are defined as non-migrants, those who are dead in the next wave as missing. It is 

noteworthy since this variable is measured as a change in residence across waves. In other 

words, it depends on the next wave, therefore the migrant variable for observations which 

are observed only once and at the last time in the panel (the last occurrence) are coded as 

missing. 

 

The comparison of estimate results  

 

     Nonetheless, based on this sample, Table A 4.7 presents the baseline estimates of the 

probit regression,  in comparison with those from Tong and Piotrowski (2012)’s study. It 

suggests the health effects estimates based on our  sample are close to those from Tong 

and Piotrowski (2012)’s sample, those self-reporting as having “excellent” and “good” 

health are significantly more likely to migrate than those self-evaluating as having “poor 

or fair” health. This result also holds in the wave 2000. Other health variables are mostly 

not significant, the estimates for “ADLs” in the wave 2006 in our sample suggest those 

with “ADLs” are more likely to migrate. In addition, those who are smokers are more 

likely to move in the wave 2000 in either our sample or Tong and Piotrowski (2012)’s 

sample. In terms of the estimates for other variables, those from our  sample are also 

similar to Tong and Piotrowski (2012)’s estimates. For instance, age has a negative effect 

                                                             
85 The definition of migrant mainly uses variable “a5e” (the reasons for migration), supplemented by 

“aa13” (where lives now). For those who stayed in “the same village”, “same county”, “same city”, 

“same province”, they are coded as migrants if “a5e”equals 3 (for military service), or 4 (sought 

employment elsewhere), or 6 (other); coded as non-migrants if “a5e” is missing. 



198 

 

 

on the probability of migration, indicating the respondents are less likely to migrate when 

they grow older. Males are more likely to be migrants in the pooled sample and in the 

wave 2004, 2006. The prior migration experience is significantly positively related to 

migration in the pooled data and most of the waves. Those who are from rural areas are 

more likely to migrate. Compared to the coastal region (the reference group, which 

includes provinces Shandong, Jiangsu and Heilongjiang), respondents from the less 

developed Northeast region are less likely to migrate, but those from inland region and 

southern mountain regions, which are also the less developed areas, are more likely to 

migrate, though not seen in all the waves. These are variables where there are no major 

differences between our  sample and Tong and Piotrowski (2012)’s.  

       There are, however, significant differences in the estimates for some variables. For 

instance, the coefficient for the variable “spouse’s presence” in our estimates is not 

statistically significant, whereas it appears significant in Tong and Piotrowski (2012)’s 

estimates. Our estimate indicates that respondents with spouse are no more likely to 

migrate in the next wave than those who do not have a spouse (including those who are 

never-married and separated or divorced or widowed). This difference is not surprising 

given the aforementioned significant differences in the proportion of individuals with 

“spouse’s presence” between Tong and Piotrowski (2012)’s sample and our  sample. 

Similarly, the difference in the estimates for “log (income per capita in 2006 currency” 

between our  sample and Tong and Piotrowski (2012)’s sample might also be expected 

given that this variable is calculated in our sample whereas might directly existed in Tong 

and Piotrowski (2012)’s sample. In addition, there are some differences in the estimates 

for “non-farm occupation”, “no parents”, “child” and “the wave 2004”. Our estimates 

suggest those with initial occupation as “non-farm” are less likely to migrate than those 

who are students or unemployed. The occupations of “non-farm” consist of “senior 

professional/technical worker”, “junior professional/technical worker”, 

“administrator/executive/manager” and “office staff”. In addition, in our estimates, “with 

no parents’ residence” appears not to have an effect on the probability of migration, 

whereas “having a child aged less than 12 years old at home” might reduce the propensity 

to migrate. Regarding the wave of the survey, our estimates show those in 2004 are more 

likely to migrate than those in the wave 1997, similar to 2000 and 2006.  
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Table A 4.7: The probit regression results ( in comparison with Tong and Piotrowski (2012) )  

 Pooled  1997 2000 2004 2006 

 Tong Xiao Tong Xiao Tong Xiao Tong Xiao Tong Xiao 

Health            

Self-rated health: Poor/fair (Ref.)         

Good 0.097* 0.088* 0.14 0.075 0.13 0.072 -0.037 0.055 0.11 0.099 

 (0.052) (0.05) (0.092) (0.08) (0.11) (0.10) (0.11) (0.10) (0.11) (0.12) 

Excellent 0.20*** 0.127** 0.30** 0.126 0.37*** 0.244** 0.12 0.168 0.011 -0.172 

 (0.066) (0.06) (0.12) (0.11) (0.13) (0.12) (0.14) (0.12) (0.15) (0.16) 

Difficulty with  0.029 0.128 -0.077 0.077 -0.079 -0.010 0.012 -0.143 0.28 0.479** 

ADLs (0.11) (0.11) (0.24) (0.25) (0.23) (0.20) (0.26) (0.25) (0.21) (0.22) 

Bone fracture -0.16 0.100 -0.11 0.118 -0.07 0.295 -0.66 -0.282 -0.052 0.020 

 (0.13) (0.13) (0.29) (0.26) (0.2) (0.21) (0.48) (0.28) (0.23) (0.26) 

Ever smoker 0.055 0.059 -0.057 0.041 0.25** 0.203** 0.14 0.076 -0.01 -0.064 

 (0.05) (0.05) (0.083) (0.08) (0.11) (0.10) (0.11) (0.11) (0.11) (0.12) 

Demographic           

Age  -0.055*** -0.044*** -0.047*** -0.033*** -0.073*** -0.047*** -0.040*** -0.048*** -0.051*** -0.051*** 

 (0.0058) (0.01) (0.0099) (0.01) (0.013) (0.01) (0.014) (0.01) (0.013) (0.01) 

Male  0.10** 0.111** 0.11 0.081 -0.0046 0.103 0.25** 0.172 0.24** 0.261** 

 (0.044) (0.04) (0.068) (0.07) (0.099) (0.09) (0.12) (0.11) (0.11) (0.12) 

Ever married -0.14* 0.073 0.00077 0.112 -0.12 0.057 -0.37** 0.035 0.13 0.058 

 (0.078) (0.14) (0.14) (0.24) (0.15) (0.23) (0.18) (0.37) (0.19) (0.40) 

Highest degree earned: Primary and lower (Ref.) 

Lower middle 0.023 -0.008 -0.00023 -0.033 -0.11 -0.034 -0.0027 -0.080 0.23* 0.242* 

 (0.049) (0.05) (0.076) (0.07) (0.11) (0.10) (0.13) (0.11) (0.13) (0.14) 

Upper middle -0.034 -0.062 -0.14 -0.236** -0.27 0.004 0.053 -0.097 0.27* 0.317* 

 (0.07) (0.07) (0.11) (0.11) (0.15) (0.14) (0.17) (0.15) (0.16) (0.17) 

Technical -0.027 -0.135 -0.032 0.065 -0.056 -0.199 -0.019 -0.507** 0.15 0.088 
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 Pooled  1997 2000 2004 2006 

 Tong  Xiao Tong Xiao Tong Xiao Tong Xiao Tong Xiao 

/vocational (0.084) (0.09) (0.14) (0.15) (0.19) (0.19) (0.2) (0.20) (0.18) (0.19) 

College and 

beyond 

-0.027 0.037 0.12 -0.054 -0.22 -0.054 -0.035 -0.022 0.28 0.513** 

beyond (0.11) (0.12) (0.2) (0.25) (0.26) (0.27) (0.26) (0.22) (0.21) (0.23) 

Occupation: Unemployed or student (Ref.) 

Farmer 0.088 0.039 0.026 -0.044 0.052 0.011 0.43*** 0.205* -0.029 0.072 

 (0.056) (0.05) (0.09) (0.09) (0.12) (0.11) (0.14) (0.12) (0.13) (0.14) 

Non-farm -0.0034 -0.169** 0.04 -0.033 -0.14 -0.667*** 0.0019 0.001 -0.057 -0.344* 

 (0.074) (0.09) (0.13) (0.14) (0.16) (0.19) (0.18) (0.17) (0.15) (0.18) 

Skilled 0.12 0.038 0.13 -0.104 -0.12 0.082 0.063 -0.226 0.13 0.273 

 (0.088) (0.08) (0.15) (0.15) (0.18) (0.17) (0.21) (0.19) (0.2) (0.19) 

Non-skilled 0.075 -0.043 0.019 -0.146 -0.3 -0.155 0.28* -0.110 0.069 0.086 

 (0.076) (0.08) (0.12) (0.13) (0.19) (0.18) (0.16) (0.17) (0.16) (0.17) 

Service 0.091 0.002 0.073 -0.051 0.056 -0.102 0.065 0.149 0.13 -0.068 

 (0.069) (0.07) (0.12) (0.12) (0.16) (0.16) (0.15) (0.13) (0.13) (0.14) 

Ever migrated 

since 1993 

0.45*** 0.393*** 0.74*** 0.783*** 0.52*** 0.120 0.46*** 0.390*** 0.14 0.213** 

 (0.059) (0.05) (0.12) (0.10) (0.14) (0.14) (0.11) (0.10) (0.12) (0.09) 

Household characteristics         

Rural  0.25*** 0.382*** 0.23*** 0.423*** 0.37** 0.433*** 0.19 0.372*** 0.15 0.290** 

 (0.058) (0.05) (0.089) (0.08) (0.13) (0.10) (0.14) (0.11) (0.12) (0.12) 

Household size  0.025* 0.077*** 0.021 0.033 0.004 0.079** -0.043 0.077** 0.12*** 0.130*** 

 (0.014) (0.02) (0.024) (0.03) (0.034) (0.03) (0.035) (0.03) (0.032) (0.04) 

Log (income pc) 

2006 currency) 

-0.50*** -1.059 -0.26 1.831 -0.19 3.246 -1.06*** -2.681 -0.34* -0.824 

 (0.11) (1.06) (0.22) (2.69) (0.24) (2.22) (0.23) (2.17) (0.18) (1.73) 

One parent>55 0.046 0.001 -0.021 -0.049 -0.16 -0.136 0.1 0.112 0.32* 0.163 

 (0.084) (0.07) (0.13) (0.11) (0.2) (0.14) (0.18) (0.16) (0.17) (0.17) 

Both parents>55 -0.11 -0.007 -0.2* -0.030 -0.25 0.012 0.034 -0.006 0.16 0.013 

 (0.077) (0.08) (0.12) (0.12) (0.18) (0.16) (0.17) (0.16) (0.17) (0.18) 
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 Pooled 1997 2000 2004 2006 

 Tong Xiao Tong Xiao Tong Xiao Tong Xiao Tong Xiao 

No parents -0.20*** -0.062 -0.18 -0.259** -0.25 0.009 -0.52*** 0.013 0.26 0.079 

 (0.075) (0.07) (0.13) (0.12) (0.18) (0.14) (0.15) (0.15) (0.16) (0.17) 

Spouse  -0.18** -0.189 -0.64*** -0.422* -0.031 -0.061 -0.01 -0.134 -0.11 0.102 

 (0.072) (0.14) (0.14) (0.23) (0.14) (0.22) (0.16) (0.36) (0.15) (0.39) 

Child  0.0071 -0.149*** 0.091 0.130 -0.079 -0.319*** 0.095 -0.252** -0.27* -0.338** 

 (0.071) (0.06) (0.14) (0.09) (0.14) (0.11) (0.16) (0.13) (0.14) (0.14) 

Region: 

Coastal (Ref.) 

          

Northeast -0.47*** -0.291*** -1.12*** -0.244* -1.25*** -0.485*** - -0.404*** 0.32** 0.286 

 (0.09) (0.07) (0.17) (0.13) (0.26) (0.13) - (0.16) (0.16) (0.18) 

Inland 0.23*** 0.199*** 0.13 0.100 0.40*** 0.319*** 0.31** 0.177 0.30** 0.434*** 

 (0.056) (0.06) (0.088) (0.09) (0.11) (0.11) (0.13) (0.12) (0.14) (0.15) 

Southern 

Mountain 

0.22*** 0.213*** 0.24** 0.176* 0.24* 0.182 0.15 0.271** 0.33** 0.442*** 

 (0.061) (0.06) (0.095) (0.10) (0.12) (0.12) (0.14) (0.14) (0.14) (0.16) 

Wave:           

2000 0.22*** 0.255*** -  -  -  -  

 (0.05) (0.05)         

2004 0.11 0.247*** -  -  -  -  

 (0.06) (0.06)         

2006 0.39*** 0.144** -  -  -  -  

 (0.059) (0.06)         

_cons 4.68*** 11.990 2.33 -22.592 2.5 -39.258 9.97*** 31.788 2.3 8.715 

 (1.03) (12.67) (2.14) (32.25) (2.28) (26.67) (2.36) (25.99) (1.84) (20.74) 

Observations 7986 8528 3313 3423 1818 1956 1419 1738 1436 1411 
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      In conclusion, starting from the appreciable differences in the descriptive statistics 

between our  sample and Tong and Piotrowski (2012)’s, this appendix speculates on the 

difference in the data, discusses the way we construct the variables (including the 

outcome variable), and compares the estimate results. Basically we failed in the 

replication, our estimates for the health effects appear less significant than Tong and 

Piotrowski (2012)’s estimates, since we conducted various tests to testify our sample, the 

results of these tests lend some credibility to our estimates. Our estimates suggest that 

there is a positive but relatively weak evidence on health selectivity of migrants, though 

this effect is not very significant in a statistical sense, this might be due to the substantial 

heterogeneity across households and circumstances and the rather small sample we have 

to deal with, or the weakness of the measures we have to use. Additionally, since our 

sample aged between 16 and 35 years old, there might not be substantial variation in 

health within this age range.  
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