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Abstract 
 
Despite significant poverty reduction over the last three decades in rural China, 
poverty has been persistent since the late 1990s. A stagnation of income has been a 
particular problem for many of the poor. This paper aims to gain new insights into the 
persistence of poverty for some rural households, stressing the long-run implications 
of shocks and risk on household’s asset holdings. The analysis finds that, for one 
thing, households have a proclivity towards holding substantial unproductive 
precautionary savings in order to cope with consumption shortfalls brought about by 
negative shocks. For another thing, households are predisposed to specialise in low-
risk low-return agriculture, when faced with ex-ante credit constraints and possibly 
low welfare outcomes if the production plans were unsuccessful. Overall, household 
responses to uninsured shocks and risk cause deficiencies and inefficiencies of 
investment in agricultural asset accumulation. As a result, some households are likely 
to be trapped into low-equilibrium asset poverty in the long-term. Results indicate the 
importance of establishing productive safety nets for rural households. This would 
benefit both the presently poor’s livelihood and improve their possibilities of escaping 
the low-equilibrium asset traps. 
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1 Introduction 
 
According to official governmental figures over the last three decades 230 million 
people have escaped poverty in rural areas. This has been reflected in a sharp 
reduction in the poverty headcount ratio from 30.7 percent in 1978 to 2.3 percent in 
2006 according to the official government poverty line. However it is worth noting 
that 80 percent of this poverty reduction happened before 1996.1 Ravallion & Chen 
(2007) find that since the late 1990s, poverty has appeared ‘concentrated’ and 
‘persistent’ with there being a stagnation of income for most of the rural poor. Their 
study even reveals an increase in rural poverty in 1999, 2000 and 2001 relative to 
1998. Moreover, life becomes particularly difficult for the extremely poor (those 
whose per capita daily income is less than 50 US cents). Their average income has 
continuously decreased since 1991.2 
 
Why has poverty persisted in rural China? There have been studies of rural China and 
studies from the rest of the world, sub-Saharan Africa in particular, which might help 
with this.  
 
Looking at the studies of rural China, three explanations have been identified for the 
persistence of rural poverty: various low endowments such as being in remote or 
otherwise unfavourable geographical locations (Jalan and Ravallion, 2002) and poor 
education (Knight et al., 2009; 2010); social exclusion in an underclass associated 
with ethnicity and gender (Hebel, 2003; Cao et al., 2009); a range of institutional and 
market failures (Jacoby et al., 2002; Cai, 2008).  
 
In addition to these studies of China there is a growing body of evidence for African 
economies which suggests that risk/shocks can be a further cause of perpetuating 
poverty (Rosenzweig and Binswanger, 1993; Dercon, 1996; 1998; 2004; 2006; 2009; 
Lybbert et al., 2004; Carter et al., 2007; Elbers et al., 2007; Foster and Rosenzweig, 
2010). These studies find that the exposure to uninsured risk/shocks could reduce 
farm households’ incentives to engage in high-return but risky agriculture. This 
choice may lead them to low-equilibrium asset holdings resulting in long-run lower 
income (Adato et al., 2006; Barrett et al., 2006; Carter et al., 2007). This low income 
level might be even lower than some poverty lines, which means these households 
would now be counted as the poor. Through this mechanism, seemingly short-lived 
risk/shocks can gene rate persistent poverty in the long-term.  
 
This paper aims to examine if this mechanism can explain the persistence of poverty 
in rural China. Huang et al. (2003) find that Chinese farm households do not use 
hybrid and high yielding varieties that may bring them higher income. During the 
field work, the CHNS directors also observed that many rural households did not 
invest at all over three to four years if their (relatively large-scale) investment in 
agriculture failed in the previous year. These observations raise the issue of whether 
households’ under-investment decisions on agriculture and (hence) low income can be 
attributed to their exposure to uninsured risk/shocks. In other words, the uninsured 
risk/shocks and limited means of countering negative impacts of risk may force 

                                                 
1 The figures in this and the previous two sentences are the author’s calculations based on data from 
Poverty Monitoring Report of Rural China 2008. 
2 Author’s calculations based on data from China Health and Nutrition Surveys (CHNS) 1989-2006. 



 3 

households to move away from profitable investment in asset accumulation to low-
return but riskless agricultural production. Such behavioural responses would bring 
them low income and in turn force them to continue to participate in low-return 
production. Given the pronounced poverty-reducing effect of agriculture in rural 
China (Montalvo and Ravallion, 2010), it is necessary to research how to break this 
circle if we are to assist the poor better and promote their self-reinforcing growth via 
steady investment in profitable agricultural asset accumulation. However, there is a 
paucity of studies carefully examining the impacts of risk and shocks on Chinese rural 
households’ long-run well-being in terms of their asset holdings.  
 
This paper contributes to the literature in the following five ways. It is the first 
econometric investigation of risk-induced persistent poverty in rural China, using a 
representative dataset over a long period of time. Second, taking Dercon’s (2009) 
suggestion into account, it incorporates a wider range of shocks instead of merely 
using ‘easily’ measured weather shocks. Third, it draws upon counterfactual 
simulations to disentangle potentially downside risks from realised shocks. Fourth, we 
use a semi-parametric model to describe household asset dynamics. This approach is 
robust to the problems bedevilling fully parametric and non-parametric models in the 
existing literature. Fifth, we gauge household-specific marginal effects of each 
explanatory variable after modelling responses to risk. This latter, allows us to address 
household heterogeneity in both risk-enhancing and risk-mitigating factors, and 
therefore can provide interpretations with a greater depth.  
 
The overall results resonate with Carter and Barrett’s (2006) theory on asset poverty 
traps. We find multiple equilibria in household agricultural asset dynamics. 
Household responses to uninsured shocks and risk cause deficiencies and 
inefficiencies of investment in agricultural asset accumulation. As a result, some 
households are likely to be trapped into low-equilibrium asset poverty in the long-
term.  
 
The remainder of this paper is organized as follows. The next section spells out two 
mechanisms underpinning risk-induced persistent poverty. They are modelled 
econometrically in Section 3. Section 4 describes the dataset. Section 5 discusses the 
empirical results. Conclusions are summarised in Section 6.  

2 The role of risk vis-à-vis household welfare/pove rty status 
 
Risk has two kinds of effect on household welfare/poverty status (Clarke and Dercon, 
2009). Risk in the forms of negative shocks may temporarily knock households into 
poverty, but households could adjust and regain the pre-shock living standards as the 
shocks dissipate. However, if risk in terms of insecure asset and investment portfolios 
changes households’ behaviour and/or preferences, it might have a cumulative impact 
on household welfare trajectories. 
 
Following Dercon (2006, 2009), this paper hypothesises that the ex-post and ex-ante 
behavioural responses to uninsured shocks and risk jointly result in less investment in 
agricultural asset accumulation for some rural households, which could thwart their 
ability of escaping from poverty.   
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i. The ex-post response to shocks: self-insurance behaviour 

People confront various shocks. Negative shocks include falls in assets and income, 
covariate rainfall/drought shocks and other negative events such as illness and death 
(Carter et al., 2007; Dercon, 2004; Dercon et al., 2005; Quisumbing and Baulch, 
2009). These shocks can bring significant consumption shortfalls to households, but 
there is no effective risk sharing for households within the village to minimise these 
consumption shortfalls (Morduch, 1995; Dercon and Christiaesen, 2008; Jalan and 
Ravallion, 1999). In such circumstances, poorer households protect themselves 
against adverse shocks by liquidating/trading productive assets (Rosenzweig and 
Wolpin, 1993; Dercon et al., 2005) and/or holding substantial precautionary savings 
in non-productive forms such as grain stocks and cash which lack allocative 
efficiencies (Jalan and Ravallion, 2001; Giles and Yoo, 2007).  
 
Either liquidating productive assets or holding unproductive precautionary savings 
can reduce households’ productive investment. Specifically, liquidation of productive 
assets implies that households may choose lower but more stable income if offered a 
trade-off against higher but riskier predicted income. At the same time, under credit 
constraints, substantial unproductive precautionary savings discourage households 
from making profitable but irreversible and non-divisible agricultural investment 
(Fafchamps, 2003).  
 

ii.  The ex-ante response to risk: income-skewing behaviour 
Poor rural economies are rife with risk and often characterised by ill-functioning 
financial markets. Under credit/liquidity constrains and limited insurance, poorer farm 
households are forced to choose low-risk low-return agricultural production in order 
to reduce their exposure to potential risk (Foster and Rosenzweig, 2010). Two reasons 
for this choice have been identified in the existing literature. Firstly, high-value 
production usually requires lumpy initial inputs and higher educational levels (Dercon, 
1998). However, poorer households cannot afford these (e.g., McKenzie and 
Woodruff, 2006). The other reason lies in market failures leading to non-separability 
in modelling household behaviour: household consumption characteristics are both 
consequences and correlates of their production choices (Bowlus and Sicular, 2003; 
de Janvry and Sadoulet, 2006). This feature implies that households’ differentiated 
capabilities of smoothing consumption ex-post of shocks may also influence their 
uptake of risk (Hoogeveen, 2001). In other words, households’ productive investment 
motive can be shackled by the fear of possibly bad consumption outcomes if the high-
value production were unsuccessful (Dercon and Christiaesen, 2008)3. In this sense, 
the ex-post and ex-ante mechanisms are not independent of each other. They jointly 
lead households to low-equilibrium agricultural production which is less risky but less 

                                                 
3 Dercon (2006) and Fafchamps (2009) argue that this fear should be viewed as a joint result of rational 
motives under risk aversion and behavioural motives observed from field experiments (e.g., loss 
aversion, quasi-hyperbolic preferences, impulse purchases and peer effects). Even risk neutral 
households may not be willing to invest because of extensive market failures and they may well behave 
as risk averse (Dercon, 2006).  
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profitable. The next section sketches econometric models examining each of the two 
behavioural responses respectively.  

3 Econometric approaches 

3.1 Self-insurance against shocks 
 
Adopting Dercon and Christiaensen’s (2008) specification, for the household h at time 
t, per capita consumption is regressed by a fixed-effects model:   

hthht

hthththththththththt

X

IBSBSGSSAc

εαδ
δδδδδ

+++
⋅⋅+⋅+⋅++= −−

6

5143211ln
                           (3.1) 

Household consumption is presumably influenced by initial agricultural assets 1−htA , 

various shocks htS ,  household characteristics htX  controlling for the life-cycle effect 

and household-specific effects hα .  

 
The existing literature either distinguishes between asset and income losses (Carter et 
al., 2007) or gauges impacts of other negative events such as rainfall/famine shocks 
(Dercon, 2004), illness and death (Quisumbing and Baulch, 2009). Our analysis 
instead measures a wider range of shocks to better describe households’ livelihoods, 
following Dercon’s (2006, 2009) suggestion. Specifically, htS  includes idiosyncratic 

and covariate income shocks, institutional failures, weather shocks and other random 
events experienced by individual household. More detailed description will be given 

in Section 4. The coefficient 2δ̂  is expected to be negative for unfavourable shocks as 
they may bring consumption shortfalls. 
 
Among various shocks, greater negative income shocks may be more difficult to be 
dealt with (Dercon and Christiaesen, 2008). This is captured by multiplying an 
indicator variable htG  equalling one if the negative idiosyncratic income shock is 

greater than the median. Households’ wealth-differentiated coping capability is 
captured by the interaction terms 1−⋅ htht BS  and hththt IBS ⋅⋅  with the indicator 

variable htI  taking one if household assets are fewer than the median. 1−htB  includes 

all varieties of assets of our interest. Both 1−htA  and 1−htB  are taken their values at 

1−t  to avoid endogeneity as suggested by Dercon and Christiaensen (2008).  
 
Besides describing consumption responses to shocks, Eq. (3.1) also allows us to 
simulate households’ precautionary behaviour as well as the counterfactual 
consumption levels under various extents of shocks. Both unproductive precautionary 
savings and counterfactual consumption are proxies for potential downside risks and 
will be used in investigating households’ risk mitigation behaviour in the next sub-
section.  

3.2 Mitigation towards downside risks 
 
On making production decisions, household ‘loss aversion’ may predispose them to 
avoid more lucrative but risky production (Dercon, 2006). Households would try to 
mitigate the downside risk ex-ante by trading off expected income with higher mean 



 6 

and variability by a more stable income stream but with lower mean (Morduch, 1995; 
Rosenzweig and Binswanger, 1993). Such behavioural responses can reduce 
investment in asset accumulation.   
 
The baseline specification describing the above responses is combined from Carter et 
al. (2007), Dercon & Christiaesen (2008) and Quisumbing & Baulch (2009). The 
growth rate of household agricultural assets in a certain period of time (from t  to 

1+t ) is expressed as 

( )
( ) hthhhhththt

vthththththththththt
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where ( )2,0 σε Nht → .  

 

1−htA  is a proxy for the ex-ante cost of agricultural production facing households at the 

time of making production decisions4. More lucrative but riskier investments in 
agriculture are less likely to be disbursed under more credit/liquidity constraints.  
 
The central challenge in modelling households’ ex-ante responses is to identify 
potential risk. The present study attempts to estimate two kinds of risk facing 
individual households. Following Dercon and Christiaesen (2008), the counterfactual 
consumption htc  based on various income shocks indicates potentially low welfare 

consequences if the production were to fail. Households may reduce investment for 
the fear of possibly bad welfare consequences. In addition, we simulate unproductive 
precautionary savings htp  as responses to idiosyncratic and covariate income shocks 

respectively. As discussed in Section 2.1, household precautionary motive may also 
discourage productive investment.  
 
Both htc  and htp  are multiplied by agricultural assets at the time of making decisions, 

reflecting wealth-differentiated risk-taking abilities (Foster and Rosenzweig, 2010). 
We further include the indicator htI  captures the possibility that the asset growth for 

those with fewer assets than the median would be more sensitive to the exposure to 
risk.  
 
Besides assets, households may well resort to other means to mitigate risk, typically 
social networks (Baulch and Hoddinott, 2000; Fafchamps, 2009). For rural China in 
particular, an emerging feature is the increasing number of inter-county temporary 
migrants (Fan, 2008). Out-migration plays a significant role in improving rural 
residents’ livelihoods (Brauw and Giles, 2008) and reducing their precautionary 
motives (Giles and Yoo, 2007). To capture this effect, we interact htc  with village 

out-migration networks 1−vtm .  

 

                                                 
4 The regression should ideally include received financial credits as Liverpool et al. (2010) or multiply 

1−htA  by the access to credits to reflect the real constraints as Dercon and Christiaesen (2008). These 

studies have found positive impact of financial credits on asset growth and the use of improved 
technology. Unfortunately, CHNS does not collect data on household credits.  



 7 

Other events are included in htΓ , such as price volatilities, natural disasters, illness, 

death and weddings. Household characteristics are controlled by hx′ 5.  

 
In estimating Eq. (3.2), we implement four methods addressing different concerns. 
Firstly, Eq. (3.2) takes the form of a random-effects tobit model for two reasons. 
Carter et al. (2007) argue that the poorest households may be so poor that their assets 
cannot be further reduced. Meanwhile, Chinese farm households’ limited flexibility of 
crop varieties may be for the sake of the grain procurement quota system (Yang, 2009) 
rather than the behavioural adjustments to risk. These will bias the OLS estimates in 
Eq. (3.2) as they would simply capture ‘the inability of households in the lowest strata 
to liquidate assets’ (Carter et al., 2007), rather than the genuine risk-mitigating 
behaviour. To make our estimates robust to these potential biases, we follow Carter et 
al. (2007) and take advantage of the random-effects tobit specification:   
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The estimates of β  and σ  are obtained by maximizing the simulated likelihood 
function.  
 
Secondly, Foster and Rosenzweig (2010) note that household unobservables may well 
be correlated with explanatory variables in Eq. (3.2). For example, poorer households’ 
risk aversion may change their asset holdings; total wealth, including both liquid and 
illiquid components, may also alter households’ responses given the commonly 
observed negative relationship between wealth and household absolute risk aversion; 
the land quality perhaps plays a central role in determining crop varieties. These 
influences of household unobservables may overshadow the genuine response to risk. 
To control for the unobservables, we follow Dercon and Christiaesen (2008) and 
adopt Honoré’s (1992) semi-parametric approach to re-estimate the above tobit model 
(Eq. 3.2-3.3) with fixed effects.  
 
Thirdly, the above tobit models can examine the determinants of the magnitude of 
asset accumulation, but are powerless tools to find correlates of accumulation 
decisions. Thus, a conditional fixed-effects logit model, following Dercon and 
Christiaesen (2008) and Liverpool et al. (2010), is used to look at whether or not the 
explanatory variables in Eq. (3.2) alter households’ production decisions. Controlling 
fixed effects, household decision (Eq. 3.2) is re-written as  

( )01 ≥++′= hthhtht zg εαβ                                                                                         (3.4) 

where htz′  includes aforementioned explanatory variables. According to Arellano and 

Honoré (2001), the conditional density is expressed by 
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Eq. (3.5) is estimated by Chamberlain’s (1980) conditional maximum likelihood. It is 
often argued that one cannot directly interpret the magnitude of estimates in latent 
variable models (Wooldridge, 2005). Therefore, we further calculate the household-

                                                 
5 Due to the lack of data in CHNS, we cannot include property security (an important institutional risk 
pointed out by Dercon, 2009) in terms of the re-allocation of cultivated land and the party memberships 
that may also influence household ex-ante asset portfolios and access to financial credits.  
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specific marginal effects of each explanatory variable6 , in order to enrich the 
discussion as well as to address household heterogeneity in interpretations.  
 
Fourthly, as can be seen in Eq. (3.5), the conditional logit model actually nets out 
fixed effects in the estimation process. Given this shortcoming, we also apply OLS to 
a fixed-effects linear probability model as a complement. It directly makes the 
accumulation decisions dependent on household fixed effects, although still suffering 
some drawbacks (e.g., predicted probabilities beyond [ ]1,0  and constant marginal 
effects).  

4 Data 
 
We use China Health and Nutrition Surveys (CHNS, 1989-2006 with 7 rounds) to 
extract a balanced panel containing 1446 rural households in 7 provinces. Following 
Moser & Felton (2007), household assets (Table 4.1) are categorised into three 
elements: physical, productive and human capitals.  

Table 4.1 Components of household assets 
Capital type Category Components 

Housing 
Age of house; roof/floor/wall material; 
size of dwelling; drinking water/lighting 
source; toilet type; main cooking fuel Physical capital 

Consumer 
durables 

Types of transportation; 
living/entertainment durables7 

Agricultural 
assets 

Fixed assets including the quantity of 
different types of farming machines & 
irrigation8; financial assets including 
input in seed, fertilisers, labour, etc. Productive capital 

Business assets 

Fixed assets including the quantity of 
different types of commercial business 
equipment9; financial assets including 
input in raw material, labour, etc. 

Human capital Education Weighted years of schooling 
  
The index of each asset category, except human capital, is the normalised sum of its 
components:  

∑
=

−
=

J

j jt

jthjt
jtht s

aa
wA

1

                                                                                                 (4.1) 

                                                 
6 See Appendix B.  
7 The transport includes tricycles, bicycles, motorcycles and automobiles. The living and entertainment 
durable goods include radios, VCRs, televisions, washing machines, refrigerators, air conditioning, 
sewing machines, electric fans, big wall clocks and cameras.  
8 Farm machines include large or medium sized tractors, walking tractors, animal carts, irrigation 
equipment, power threshers and household water pumps. Land owned by households is not included, 
considering that land is not transferable and only allocated by local/village officials according to the 
number of household members. Land is not a tangible asset that households can freely accumulate or 
divest.  
9 Commercial equipment that households use in their small business include cooking equipment, 
carpentry equipment, haircutting equipment, sewing machines (not the ones in consumer durables 
which are used for daily life), welding machinery, small machine-shop tools or equipment and other 
unspecified equipment.  
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where jta  and jts  respectively denote the mean and standard deviation of  the asset j 

at time t across all households. Kolenikov and Angeles’s (2009) polychoric PCA is 
used in every survey year to obtain time-varying weights ( jtŵ ) for each asset 

component. This method not only retains strengths of standard PCA initially used by 
Filmer and Pritchett (2001), but also takes advantage of ordinal asset data10. It also 
outperforms the regression-based method pioneered by Adato et al. (2006) because of 
two reasons. Firstly, the regression-based method imposes pre-determined 
relationship between consumption and assets. This raises the concern of reversed 
causality in the subsequent consumption regression. Secondly, the estimates would be 
biased if assets are correlated with measurement errors in income (Antman and 
McKenzie, 2007).  
 
As with human capital, we use Moser and Felton’s (2007) regression method to obtain 
different weights for primary, secondary and tertiary education11. Weighted years of 
schooling for individuals add to household human capital.  
 
The rest of this section scrutinises key variables in greater details, in order to describe 
basic features of household livelihood.  
 

i. Asset portfolio 
The poorest quintile appears to specialize more in agricultural production, while the 
richest quintile engages much in both agriculture and household business (Fig. 4.1). In 
general, the wealthier the household, the more education, housing and consumer 
durables can it afford. Over time, agricultural assets have grown surprisingly slowly, 
with the annual growth rate less than 1 percent.  
Fig. 4.1 Household asset portfolios by quintile of permanent income, 1989-2006 

-0.2

-0.1

0

0.1

0.2
agricultural assets

business assets

invst in housinginvst in consumer durables

human capital

1 2 3 4 5
 

Note: Human capital is re-scaled by dividing the magnitude by 100, in order to 
compare it with other four categories of assets. 
                                                 
10 The weights vary according to different utilities brought by assets. For example, a car obviously 
brings more utility than a horse, although they all mean the household owns a certain mean of transport. 
See Moser and Felton (2007) for comparisons.  
11 The wage earned in labour market is regressed on three levels of education and other common 
controlling variables and household fixed effects. Weights are the estimated coefficients for each 
educational level.  
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ii.  Income structure 

Agriculture dominated rural household income (Fig. 4.2). The proportion of 
agricultural income for the poor was consistently over a half and on average 7 percent 
higher than that for the non-poor. In fact, Ravallion & Chen (2007) find that 
agricultural gains matter most in reducing rural poverty compared to the growth of 
secondary and tertiary industries. Non-agricultural wage income increased from 15 to 
21 percent. However, this trend was not significant for the poor: their wage income 
roughly accounted for 15 percent, which was relatively stable over time.  

Fig. 4.2 Sources of household per capita income 
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20%

40%

60%

80%

100%

1989 1991 1993 1997 2000 2004 2006

Agriculture Business Wage Subsidy
 

 
iii.  Measuring shocks 

Households are frequently hit by various shocks (Fig. 4.3). First, income shocks are 
approximated in two aspects. Using Carter et al.’s (2007) definition, the covariate 
income shock in a certain period is the proportion of those who are subject to income 
shortfall within the county. It describes the extent of shocks which is commonly 
observed by all households within the county. In addition, we extend Jalan and 
Ravallion’s (2001) method to estimate the severity of household-specific income 
shocks and distinct between positive and negative ones12. Over the sample period, 35 
and 45 percent of the study population have suffered idiosyncratic and covariate 
income shocks respectively. Moreover, households appear to be unable to fully 
protect themselves by informal risk-sharing arrangements within the village13. For an 
average household, 18 percent of idiosyncratic income shocks and 43 percent of 
covariate income shocks can be passed onto its consumption.  
 
Second, we also distinguish between other positive events and negative shocks: the 
number of household members who were ill in last 4 weeks, the number of death and 
whether the household had expenditures on wedding, dowry and funeral14 in the 
previous year. Overwhelmingly, the expenditure on weddings, dowries or funerals 

                                                 
12 See Appendix C.  
13 Jalan and Ravallion’s (1999) model is used to test the hypothesis of perfect risk-sharing. We employ 
one-step System GMM (Blundell and Bond, 1998) to address endogenous income and household size, 
instead of using less efficient Difference-GMM as Jalan & Ravallion (1999). Table A2 in Appendix A 
summarises the estimates.  
14 The dummy variables take one if the event happens.  
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happened most frequently, followed by illness with an average 41 percent of 
incidence.  

Fig. 4.3 Incidence of shocks 
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Third, other collective shocks due to bad and unforeseeable weather and institutional 
failures could substantially affect households’ livelihood in a longer period (Dercon, 
2006). The former is proxied by the share of sown land affected by various natural 
disasters in the province15. Overall, 16 percent of sown areas were affected per year 
(Fig. 4.4). The latter is measured by percentage variations of real price indices of  

Fig. 4.4 Sown land affected by natural disasters in study provinces 
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agricultural input and output relative to the preceding year16. As can be seen from Fig. 
4.5, both agricultural input and output prices have been very volatile over last three 
decades. Among various products, prices of grain and cash crops have appeared to be 
more variable since the late 1990s. This may significantly influence rural households’ 
livelihood as in study provinces, grain roughly accounted for 80 percent of 

                                                 
15 Data come from various issues of China Statistical Yearbook and Statistics on the Sixty-Year 
Agricultural Development of New China. Natural disasters include drought, flood and typhoon.   
16 The definition is in line with Yang (2007) using the absolute percentage variation. But our analysis 
does not take absolute values, considering different effects of positive and negative price shocks on 
rural households’ behaviour.  
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agricultural production and 60 percent of sold farm products in the period 1985-
200817.  

Fig. 4.5 Volatility of agricultural prices, 1978-2007a, b 
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a. Standard deviation of annual price growth.  
b. Both diagrams are robust for 2-year and 5-year moving coefficients of variation.  
 
iv. Medicating factors 

The access to local labour market is defined as the share of household members 
having off-farm employment within the county. The proxy for out-migration networks 
is the proportion of temporary out-migration within the village (Giles and Yoo, 2007). 
Evidently, more and more rural population pursued non-agricultural employment 
somewhere else than their original residences, especially in western provinces that are 
poorer than others (Fig. 4.7). For example, the proportion of temporary emigration in 
the village reached 12 percent for Guizhou in 2006, while only 3 percent in Jiangsu.  

Fig. 4.7 Village out-migration networks (stratified by region) 
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5 Estimation results and discussion 
 
We begin by examining asset dynamics underpinning households’ long-term well-
being trajectories. Identifying multiple equilibria gives rise to possible low-
equilibrium traps for some households. Then, two mechanisms through which some 
households slide towards the low equilibrium are tested in turn.  
                                                 
17 Author’s calculations based on data from various issues of China Statistical Yearbook.  
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5.1 Mobility and bifurcated livelihoods 
 
To depict the asset evolution, two problems must be addressed: higher order non-
linearity and mapping underlying household livelihood strategies. Fully non-
parametric and parametric methods in the existing literature can only  one of the 
problems (Carter and Barrett, 2006; 2007). Alternatively, this paper employs Mesnard 
and Ravallion’s (2001) semi-parametric mothod to simultaneously dealing with these 
two challenges18.  
 
Two stable equilibria ( LA  and HA ) and one unstable equilibrium (0A ) can be 

identified in asset dynamics (Fig. 5.1), while there is only one stable equilibrium for 
each of other asset categories (Fig. A3 in Appendix A). Those owning more 
agricultural assets than 0A  would converge to HA  which is also higher than the static 

asset poverty line19. They would be able to escape from poverty given sufficient time. 
Persistent poverty may occur if adverse movement happens, namely that those lying 
below 0A  would slide towards LA  and by no means recover with autarkic savings 

(Carter and Barrett, 2007).  
Fig. 5.1 Dynamics of agricultural assets, 1989-2006 

 
 
 
Before continuing, it should be noted that multiple equilibria in asset dynamics 
implicitly require locally decreasing returns in the vicinity of lower equilibrium and 
locally increasing returns at higher asset levels (Carter and Barrett, 2006). Fig. 5.2 
precisely supports this underlying assumption. Such a profile of profitability of assets 
gives rise to the possibility that some households with relatively more assets may 
optimally choose to accumulate and therefore converge to the high equilibrium due to 

                                                 
18 See Appendix D.  
19  It is the asset level that could bring household income up to the monetary poverty line at 
US$1.25/day adjusted to urban-rural price gap (as suggested by Ravallion & Chen). Following Barrett 
et al. (2006), we use a fixed-effects panel model to regress household assets on household net income 
and time-varying village effects. The asset poverty line is predicted by substituting the income poverty 
line into the regression.  
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locally increasingly returns, while those with limited assets may optimally choose to 
stay at the low equilibrium level20.  

Fig. 5.2 Expected returns to agricultural assets, 1989-2006 

 
 
We further examine the dynamics of agricultural assets by various ‘mobility’ 
measures to shed more light on the under-investment ( 0A  to LA  in Fig. 5.1). Various 

mobility measures suggest that the investment in agricultural asset accumulation 
suggests time dependence and lacks mobility21. Specifically, over half of the asset-
poor (the 1st quintile) stagnated at the bottom of asset distribution (Fig. 5.3). 
Alarmingly, this proportion of immobility even climbed up to 71 percent in 2006. The 
poorest households tend to increasingly gravitate towards the low level of agricultural 
assets. In the meantime, 44 percent of the richest (the 5th quintile) were able to remain 
in their rank. They continued to concentrate on high asset levels. As a result of this 
mobility profile, the inequality in terms of asset holdings increased22 . More 
alarmingly, in addition to the increasing immobility, the observed mobility appeared 
to be driven by households’ relative changes of position in the asset distribution other 
than accumulation via steady investment (Fig. 5.4).  

Fig. 5.3 Khor & Pencavel's (2006) immobility ratio of agricultural assets 
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20 Although our agricultural asset index excludes land, Wan & Cheng (2001) do find locally increasing 
returns to farm land. It can be plausibly argued that our estimates for returns to agricultural assets are 
quite robust.  
21 See Table A1 in Appendix A. It should be noted that due to possible measurement errors in 
agricultural assets, especially for the poorest and the richest households, the mobility measures may be 
over-estimated (Baulch & Hoddinott, 2000). Thus, our estimates should be treated as upper bounds of 
asset mobility.  
22 This is directly demonstrated by the Field (2009) index (the last row in Table A1).  
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Fig. 5.4 Fields-Ok (1999) mobility index of agricultural assets and the 

decomposition 
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These analyses evidence a class-differentiated mobility with bifurcation in asset 
holdings. Furthermore, the lack of upward mobility for the poorest households’ assets 
underpins a medium or longer term for escaping from poverty23. This leads us to the 
following discussion on why some households are more likely to be trapped into the 
low equilibrium. The remainder of Section 5 examines ex-post and ex-ante 
mechanisms in turn.  

5.2 Household wealth-differentiated risk-coping capability 
 
Table 5.1 summarises household consumption responses to various shocks. 
Household-specific income uncertainties seem to be insignificant in all regressions 
compared to covariate income shocks. The consumption for those possessing more 
durable goods is less sensitive to idiosyncratic income shocks (Row 7). Given the 
positive relation between consumer durables and household total wealth (Park and 
Ren, 2001), this implies that wealthier households are more able to smoothen 
consumption when realising the same amount of negative income shocks. Agricultural 
assets appear to be particularly crucial for households to cope with negative 
idiosyncratic income shocks. The asset-poor would suffer further consumption 
shortfalls under same negative income shocks. Among other events, only illness 
significantly affects expenditures.  
 
Covariate income shocks lower consumption substantially. Those with more business 
assets and human capitals tend to undergo more decrease in consumption. This may 
be due to the fact that households with more human capital engaged more in business 
which could be heavily influenced by communities’ economic prosperity.  
 
Other collective shocks are all significant. Specifically, consistent with Dercon’s 
(2006) argument, institutional failures represented by price shocks impose substantial 
impacts on household consumption with predicted signs. They even dominate the   

                                                 
23To see this, we also draw the dynamics of per capita household income and consumption, using both 
semi- and non-parametric means. A single equilibrium (higher than US$1.25/day) with slight concavity 
is found in both cases, indicating a long time for recovery from transitory income losses for the poor. 
This is consistent with Jalan & Ravallion (2004).   
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Table 5.1 Household per capita consumption response to shocks 
Independent variables (1) (2) (3) (4) (5) 

initial agricultural assets at t-1 -0.030 -0.030 -0.030 -0.033 -0.030 
Idiosyncratic shocks      

hh income shocks 0.015 0.007 0.025 0.003 0.003 
hh income shock×initial agricultural assets at t-1 -0.007 -0.017 -0.017 -0.019 -0.020 

hh income shock×initial business assets at t-1 -0.006 -0.013 -0.012 -0.012 -0.015 
hh income shock×initial invt in housing at t-1 -0.001 0.001 0.001 0.002 0.003 

hh income shock×initial invt in consumer durables at t-1 -0.026* -0.029* -0.029* -0.028* -0.025 
hh income shock×initial human capital at t-1 0.003 0.006 0.006 0.006 0.006 

no. of ill members in last 4 weeks 0.064*** 0.064***  0.064***  0.064***  0.074***  
no. of ill members in last 4 weeks×initial agricultural assets at t-1 0.022 0.022 0.022 0.021 0.019 

no. of dead members 0.007 0.007 0.006 0.007 0.004 
no. of dead members×initial agricultural assets at t-1 -0.022 -0.020 -0.019 -0.019 -0.016 
Whether have wedding, dowry or funeral expenditure 0.020 0.020 0.020 0.018 0.024 

Whether have wedding, dowry or funeral expenditure×initial agricultural assets at t-1 0.013 0.014 0.014 0.013 0.019 
hh income shock×agricultural assets×agricultural assets below median  0.343***  0.342***  0.342***  0.334***  

hh income shock×business assets×business assets below median  -0.083 -0.085 -0.083 -0.079 
hh income shock×invt in housing×invt in housing below median  -0.027 -0.027 -0.026 -0.030 

hh income shock×invt in consumer durables×invt in consumer durables below median  0.013 0.013 0.012 0.014 
hh income shock×human capital×human capital  below median  0.004 0.004 0.004 0.003 

hh income shock×hh income shock below median   -0.035   
Covariate shocks      

covariate income shock within the county -0.102* -0.104* -0.102* -0.088 -0.042 
covariate income shock×initial agricultural assets at t-1 0.031 0.031 0.031 0.037 0.021 

covariate income shock×initial business assets at t-1 -0.032* -0.031* -0.031* -0.030 -0.038**  
covariate income shock×initial invt in housing at t-1 0.010 0.011 0.011 0.009 0.006 

covariate income shock×initial invt in consumer durables at t-1 -0.010 -0.012 -0.012 -0.013 -0.013 
covariate income shock×initial human capital at t-1 -0.009* -0.009* -0.009* -0.009* -0.009* 

price shock of agricultural input at t-1 within the province     -0.994***  
price shock of agricultural output at t-1 within the province     0.399***  

% sown land affected by natural disasters within the province     -0.598***  
Demographic characteristics      

hh size -0.088***  -0.089***  -0.089***  -0.088***  -0.088***  
age of hh head 0.023***  0.023***  0.023***  0.023***  0.019***  

years of education of hh head 0.024***  0.025***  0.024***  0.025***  0.019***  
% male adults 0.205***  0.204***  0.204***  0.201***  0.203***  

dependency ratio -0.021 -0.019 -0.019 -0.015 -0.018 
Labour market access      

% local off-farm employment 0.063***  0.065***  0.065***  0.066***  0.062***  
Social networks      

village out-migration networks     0.304* 0.256 
No. of observations 6931 6931 6931 6889 6714 

R2 0.174 0.176 0.176 0.177 0.177 
Note: ***, ** and * denote 1%, 5% and 10% significance levels.  
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effect of covariate income shocks, as the coefficient of the latter becomes 
insignificant in the last column. Weather shocks also substantially reduce 
consumption. Furthermore, their negative effects could exist over at least 3 to 4 years. 
To see this, following Dercon (2004), we replaced the variable of natural disasters at t 
by those happened several years ago. The coefficient only marginally declines to -
0.268, indicating that a short-lived shock is likely to influence households’ welfare in 
at least the medium term.  
 
The above discussion on the estimates confirms one implication of the ex-post 
mechanism, namely that negative shocks cut back consumption. Households’ 
capability of consumption smoothing appears to be wealth-differentiated.  
 
The other implication of the ex-post mechanism points out preserving precautionary 
savings as a coping means. We use Column 2 to simulate unproductive precautionary 
savings under various idiosyncratic and covariate income shocks. Results resemble an 
inverted-U relationship between household wealth and unproductive precautionary 
savings (Fig. 5.5), which reaffirms Jalan and Ravallion’s (2001) finding. In both 
covariate and idiosyncratic cases, the more the income shocks, the more precautionary 
savings would households hold. However, when comparing the impacts of covariate 
and idiosyncratic income shocks, the former pushes households to save more than that 
of the latter. Furthermore, as mentioned by Giles and Yoo (2007), the monetary 
values of precautionary savings are also quantitatively meaningful. For example, the 
net profit for grain crops per mu was 124.4 yuan in 200524. This means that under 
0.25 covariate income shocks, the profits from 4 out of 14 mu of cultivated land 
owned by an average household would be kept in unproductive precautionary savings. 
Clearly, strong precautionary motives cause inefficient resource allocation.  

Fig. 5.5 Simulated unproductive precautionary savings in response to income 
shocks 
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(b) Behavioural responses to negative covariate income shocks
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Note: The absolute values of precautionary savings are in 2006 prices.  
 
As discussed in Section 2.1, out-migration networks could provide safety to 
households so that they may reduce precautionary savings (Giles and Yoo, 2007). 
This is supported by our estimates. Supposing 0.2 out-migration networks, 
simulations based on Column 4 suggest that unproductive precautionary savings 

                                                 
24 It is the national average value in 2006 prices. Author’s calculations based on data from China 
Agricultural Yearbook (2006) and China Statistical Yearbook (2009).  
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dramatically drop by a half under 0.75 covariate income shocks and 89 percent under 
0.25 covariate income shocks (Fig. 5.6)25.  

Fig. 5.6 Predicted effects of out-migration networks on unproductive 
precautionary savings 
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Note: See Fig. 5.5.  
 
The simulation excise confirms ex-post behavioural responses of holding 
unproductive liquid wealth under shocks. Such substantial precautionary savings may 
well hamper households’ future productive investment, which will be tested directly 
in the following ex-ante mechanism.  

5.3 Household wealth-differentiated risk-mitigating capability 
 
Two kinds of risk are disentangled from shocks. First, following Dercon and 
Cristiaesen (2008), potentially low consumption outcomes are simulated using 
Column 2 of Table 5.1 assuming three different levels of negative income shocks:   

i. Predicted counterfactual log per capita consumption if the 25th percentile 
of negative household-specific income shock were to be realised.  

ii.  Predicted probability weighted mean log per capita consumption. The 
probabilities are derived from empirical distribution of household-specific 
income shocks in each year26.  

iii.  The second measure is truncated at the medium negative household-
specific income shock.  

Using predicted consumption in above simulations is to obviate measurement errors 
in consumption (Dercon and Christiaesen, 2008). Second, unproductive precautionary 
savings if negative shocks were to happen are simulated using Column 2 of Table 5.1.  
Table 5.2 summarises the results27.  
 

                                                 
25 The simulations based on idiosyncratic income shocks are not shown, as most of households no 
longer tend to hold precautionary savings under the 25th and 50th percentile of shocks.  
26 Dercon and Christiaesen (2008) note that this is equivalent to using predicted logarithm utility with 
risk aversion coefficient being 1. They point out that this gives more weights to negative shocks than 
other measures.  
27 Estimates of linear probability models are not reported. They are similar to conditional fixed-effects 
logit models. Models including price shocks, natural disasters, illness, death and weddings are not 
reported either, because strictly speaking, they are shocks rather than potential risk. However, including 
them does not change our conclusions.  
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Table 5.2 The correlates of agricultural asset growth 
25th percentile negative hh 
idiosyncratic income shock 

Probability weighted  
(with truncation) 

Probability weighted  
(without truncation) Independent variables 

Conditional 
FE Logit 

Honoré  
FE Tobit 

Standard  
RE Tobit 

Conditional 
FE Logit 

Honoré  
FE Tobit 

Standard  
RE Tobit 

Conditional 
FE Logit 

Honoré  
FE Tobit 

Standard  
RE Tobit 

initial agricultural assets at t-1  -2.054***  -0.146*** -0.340**  -1.838*** -0.146*** -0.466***  -50.921***  -1.239* -15.232***  
hh size 0.229***  0.017***  0.004 0.153***  0.009***  0.020**  0.090* 0.004 0.028***  

age of hh head -0.085***  -0.007***  -0.004***  -0.058***  -0.005***  -0.005***  -0.013 -0.001 -0.004**  
years of  education of hh head -0.126***  -0.012***  -0.005 -0.087**  -0.008***  -0.003 -0.008 -0.001 -0.005 

% male adults  -0.004 -0.011 0.110**  0.388**  0.019 0.057 0.348 0.015 0.142***  
dependency ratio -0.143 -0.010 -0.024 -0.312 -0.019 0.032 -0.419 -0.026* -0.033 

% local off-farm employment 0.387**  -0.005 0.248***  0.304* 0.010 0.241***  -0.114 -0.025* 0.312***  
whether a specialized farm hh 0.458***  0.034***  0.168***  0.200**  0.020***  0.080**  -0.053 0.002 0.155***  

land-on farm labour ratio -0.064* -0.002 -0.028***  -0.004 0.001 -0.015 -0.013 0.0002 -0.019 
ln(per capita counterfactual cons.) 1.754**  0.143***  -0.023 -0.152**  -0.011***  -0.032 -24.675***  -1.460***  -0.175***  

ln(per capita counterfactual cons.)×% out-
migration within village at t-1 

2.120**  0.065 0.615* -3.787 -0.110 -1.911 0.781 0.060 -0.017 

ln(per capita counterfactual cons.)×initial 
agricultural assets at t-1 

0.226 -0.016 -0.017 0.045 0.004 0.011 20.312***  0.462 6.121***  

ln(per capita counterfactual cons.)×agricultural 
assets×agricultural assets below median 

-1.293***  -0.072***  -0.271***  -1.061***  -0.069***  -0.311***  -1.273***  -0.071***  -0.292***  

ln(hh precautionary savings responding to hh 
income shocks) 

-0.174***  -0.007 -0.042***  -0.126***  -0.0004 -0.011 -0.039 0.003 0.020 

ln(hh precautionary savings responding to hh 
income shocks)×initial agricultural assets at t-1 

0.439***  0.012**  0.121***  0.186***  0.017***  0.060***  0.238***  0.013**  0.064***  

ln(hh precautionary savings responding to 
covariate income shocks) 

-0.179* -0.006 -0.086***  -0.359***  -0.018**  -0.165***  -0.189 -0.008 -0.126***  

ln(hh precautionary savings responding to 
covariate income shocks)× initial agricultural 

assets at t-1 
0.157 0.032***  0.042 0.547***  0.045***  0.140***  0.288***  0.037**  0.052 

Pseudo R2 0.208   0.132   0.209   
Prob.>ChiSq.  0.00 0.00  0.00 0.00  0.00 0.00 

Note: In the fixed-effects tobit model, the objective function is minimised by estimators taking the form of the absolute error loss in Honoré 
(1992). The standard errors are estimated by the bootstrap.    
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Facing more ex-ante costs of agricultural production, households would be less 
willing to invest in the subsequent period28 (Row 1 of Table 5.2). However, this 
probability-reducing effect does not equally spread (Fig. A4 in Appendix A). The 
mean marginal effect across all households is 23 percent. Since we cannot multiply it 
with available credits to the household, the estimate should be treated as an upper 
bound of working capital/liquidity constraints. In fact, it seems safe to believe that 
credit/liquidity constraints are binding. From the supply side of credits, there are 
limited formal financial credits (Dong and Featherstone, 2006) and both formal and 
informal consumption insurance (Giles, 2006) for rural households. Even limited 
formal financial credits (mainly Rural Credit Cooperatives) lack efficiencies and incur 
risk (Dong and Featherstone, 2006). Although informal loans are available, they are 
mainly used to cope with unexpected shocks rather than productive investment 
(Brauw and Rozelle, 2008). From the demand side of credits, on average 78 percent 
of household expenditure on production takes the form of cash (Fig. A1 in Appendix 
A), but agricultural assets are neither an easy nor efficient means for liquidation as 
one usually thinks29. In sum, the more the credit/liquidity constraints, the less 
investment in agricultural asset accumulation would household undertake.  
 
Local off-farm employment is positively related with asset growth in all cases (Row 
7). Take the 25th percentile negative income shocks for instance (Fig. 5.7). An extra  

Fig. 5.7 The estimated marginal effect of local off-farm employment 
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10 percent of off-farm employment raises the probability of accumulation by 7.1 
percent. Specialized farm households (those whose farm sizes are more than 20 mu) 
see more accumulation of agricultural assets (Row 8). The reason is quite 
straightforward: a larger farm size may allow households to diversify into various 
crops, which could help them to resist the potential production risk. But this 
mechanism seems not work well if more downside risk is anticipated.  
 

                                                 
28 If not censoring the model at zero, negative coefficients of lagged assets indicate the catch-up effects 
of those initially lagged behind in terms of asset stocks. We also estimate the fixed-effects models 
without left-censoring. The coefficients are insignificant in all three cases. This finding rejects the 
conditional convergence of agricultural assets and is consistent with multiple-equilibrium dynamics 
illustrated by Fig. 5.2.  
29 One reason lies in limited channels of liquidation. A more important reason is that if many 
households sell productive assets under shocks, the prices would decrease so that the returns would be 
not enough to cope with shocks (Dercon, 1998).  
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The land-(on farm) labour ratio is significantly negative in the case of 25th percentile 
(Row 9), indicating that households would take comparative advantage of agricultural 
labour (Dercon and Christiaesen, 2008). However, again, this choice is unequally 
distributed (Fig. A4) and disappears in other two cases of more downside risks.  
 
As predicted, the case of the 25th percentile negative income shocks, the lower the 
counterfactual consumption level, the less would households invest in agricultural 
asset accumulation (Row 10). This may be because those with higher permanent 
income, more total wealth or better land are more able to resist in income losses, 
therefore see relatively higher counterfactual consumption (Dercon and Christiaesen, 
2008).  
 
However, if putting more weights to negative income shocks, the coefficients of 
counterfactual consumption become significantly negative. Poorer households tend to 
see higher asset growth rates than the wealthier when facing risk of low welfare. One 
reason that has been identified in rural Zimbabwe (Hoddinott, 2006), northern Kenya 
(Barrett et al., 2006), Ethiopia and Honduras (Carter et al., 2007) is that the poorest 
households have to safeguard their fewer productive assets on which their subsistence 
depend (Carter et al., 2007; Zimmerman and Carter, 2003). The other candidate 
explanation refers to a two-way effect between wealth dynamics and risk-taking 
behaviour. Lybbert and Barrett (2010) argue that there is also a reverse effect of 
dynamic asset threshold on household risk-taking behaviour. The authors find that 
those at or slightly above the asset bifurcation level may face greater dangers of 
getting trapped into low equilibrium under risk should income losses occur, and 
therefore may prefer to conservative investment strategy, perceiving the exposure to 
impending ruinous irreversibles.  
 
Our data lend support to both explanations. To see this, following Barrett et al. (2006), 
we compute coefficients of variation of income and consumption (Fig. 5.9). The  

Fig. 5.9 Wealth-differentiated risk management, 1989-2006 
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overall pattern of risk management is that wealthier households smooth consumption 
more effectively and undertake more risky production than poorer households. 
However, on the one hand, the poorest 15 percent have larger consumption variability 
compared with income, implying asset smoothing at the cost of variable consumption 
(in particular living durables, medical and insurance expenditures, but rarely food). 
They are unwilling to stake the survival as it is anyway better than starvation 
(Fafchamps, 2003). On the other hand, the income volatility for those lying between 
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the 30th and 40th percentile of asset distribution decreases as households become 
wealthier, while the consumption volatility increases. This movement suggests that 
the not-so-poor who are perhaps near the bifurcation point may well be asset 
smoothers rather than consumption smoothers.  
 
It should be noted that this asset-defending behaviour for some households by no 
means assures them a leap to the high equilibrium because of the structure of 
household expenditure. Apart from spending on production, money is largely used for 
living and over half of the living expenditure goes to food (Fig. A3 in Appendix A). 
This implies rigidity in further reducing consumption to support production. 
Therefore, facing possible low-equilibrium traps, the forgone consumption is more of 
a short-term palliative in favour of preserving crucial assets than a long-term feasible 
recipe to escape from poverty.  
 
Both out-migration and agricultural asset holdings are likely to alleviate the negative 
impact of potentially low consumption outcomes on productive investment (Row 11 
and 12)30. Again, the interaction effects are unequally distributed across households 
((a) and (b) of Fig. A5 in Appendix A).  
 
Specifically, suppose every household would anticipate mean counterfactual 
consumption under the 25th percentile income shock. An additional 10 percent of out-
migration could double the probability of asset accumulation, compared to 17 percent 
for asset holdings (Fig. 5.10)31. The investment decisions for those in the vicinity of 
the unstable equilibrium appear to be positively affected most. This implies that those 
initially in downward mobility may well change to the upward growth path by 
deciding to invest in accumulation. Moreover, one could expect a greater risk-
mitigating effect of out-migration than revealed estimates, considering the potent 
impact of out-migration on reducing households’ incentives of holding unproductive 
precautionary savings as discussed earlier.  

Fig. 5.10 Estimated bivariate interaction effects (25th percentile)  
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30 We also investigate if out-migration networks help with mitigating weather and price risks by 
including interactions between the village share out-migration at t-1 and the sown areas affected by 
natural disasters and the price shocks of agricultural input and output. The out-migration can counter 
the impact of price risk in the case of the 25th percentile and mitigate weather risk in two cases of 
probability weighted mean.  
31 This probability-increasing effect of agricultural asset holdings on accumulation is first increasing 
and then decreasing as households become wealthier. This is probably because many of the wealthier 
may have begun accumulation or migrated.  
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Nonetheless, under anticipation of catastrophic income losses, asset holdings take 
over the role of out-migration: perceiving the same levels of counterfactual 
consumption, those with more assets tend to maintain their investment (Row 12).  
 
Although the significance of impacts of agricultural assets depends on the magnitude 
of risk, owing fewer assets than the median does largely encumber households’ 
accumulation decision in all cases (Row 13). Fig. 5.11 clearly shows negative 
interaction effects of insufficient asset holdings, with a mean probability-reducing 
effect of 50 percent.  

Fig. 5.11 Estimated trivariate interaction effects (25th percentile) 
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Lastly, our analysis reveals an ‘implied risk premium for self-insurance strategies’ in 
risk mitigation (Barnett et al., 2008). Holding unproductive precautionary savings as a 
self-insurance strategy should idiosyncratic and/or covariate income shocks occur is at 
the cost of higher expected income, namely reduced investment in agricultural asset 
accumulation (Row 14 & 16). However, wealthier households’ production decisions 
are less likely to be influenced (Row 15 & 17). Again, one should note that these 
interaction effects are unequally spread ((c) and (d) of Fig. A5). Take the 25th 
percentile income shock for instance (Fig. 5.12). Holding more assets will ease  

Fig. 5.12 Estimated interaction effects between unproductive precautionary 
savings and agricultural assets 
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wealthier households’ alleviating the probability-reducing impact on accumulation of 
precautionary savings in response to idiosyncratic income shocks, while the impact of 
precautionary savings in response to covariate income shocks is still hard to reduce. In 
comparison, the asset-poor will suffer a further reduction in the probability of 
accumulation as they are more likely to be constrained by the access to credits.  
 
Before concluding, it is helpful to know that in addition to identified marginal effects 
of various growth correlates on the probability of accumulation, our analysis 
nevertheless stunts impacts of these variables on changing the magnitude of asset 
growth. In fact, the probability and magnitude effects co-exist, although the former 
appears to dominate the latter32. Taking the 25th percentile for instance, 78 percent of 
response is due to changes in the probability of asset creation, while only 22 percent is 
ascribable to the changes in magnitude of growth rates among those having already 
accumulated.  

6 Concluding remarks 
 
This paper presents a prima facie examination of risk-induced persistent poverty in 
rural China, stressing the impacts of households’ behavioural responses to uninsured 
shocks and risk on their agricultural asset accumulation. We make three points as 
follows.  
 
First, there is suggestive evidence that under credit/liquidity constraints and little 
insurance, the asset-poor’s limited ability to cope with and mitigate shocks/risk could 
reduce their investments in profitable agricultural asset accumulation. This could 
force them to sink into low equilibrium of assets which brings lower incomes. 
Consequently, they are more likely to suffer pro-longed hardship. Second, results 
emphasise the importance of establishing productive safety nets to promote 
households’ self-reinforcing growth by asset accumulation via steady investments. 
Third, the safety net policy should not only consider the magnitude of adverse shocks, 
but also pay attention to households’ asset position ex-post of a shock and their risk 
management in order to prevent households from involving into downward mobility 
(Elbers et al., 2007). As with specific policies, it is desirable to provide formal 
financial credits and insurance for the poor. More importantly, given usually 
unenforceable safety nets for the needy in harsh times (Clarke and Dercon, 2009), the 
government would better facilitate rural-urban labour mobility and develop local 
enterprises in order to give full scope to out-migration networks and agricultural 
extension. These two factors could make the poor more capable of self-protecting and 
self-financing and at the same time improve allocative efficiencies by weakening 
households’ precautionary incentives.  
 
Although risk could make households trapped into low equilibrium via their 
behavioural responses, it is still unclear if this is an important cause. The following 

                                                 
32 To see this, we apply McDonald and Moffitt’s (1980) decomposition to random-effects tobit models 
(Eq. 3.2-3.3). The average marginal effect of the jth independent variable on asset growth is calculated 
as the aggregate effect of the probability of deciding to accumulate and the magnitude of accumulation 
for those having undertaken accumulation. The proportion of probability and magnitude effects in total 

marginal effects are ( )
( )

( )
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work would be looking at how much the risk-induced persistent poverty actually 
accounts for the total chronic poverty, namely measuring the genuine state 
dependence in poverty.  

Appendix A: Supplementary figures and tables 
 

Fig. A1 The structure of rural household expenditure, 1985-2006 
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Source: Author’s calculations based on China Statistical Yearbook (2009) and China 
Agricultural Development Report (2007). 
 

Fig. A2 Investment substitution, 1989-2006 
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Fig. A3 Dynamics of household assets, 1989-2006 

 
 
 

Fig. A4 Distribution of marginal effects (25th percentile) 
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Fig. A5 Distribution of interaction effects (25th percentile) 
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Table A1 The ‘mobility profile’ of agricultural asset holdingsa 

Indicator 
1989-
1991 

1991-
1993 

1993-
1997 

1997-
2000 

2000-
2004 

2004-
2006 

Time-dependent measure 
Pearson correlation coefficient 0.455 0.496 0.529 0.484 0.495 0.510 
Positional movement 
The average rank jump index 
(Scott-Litchfield 1994 index) 

21.229 20.683 21.492 20.937 22.182 34.592 

Spearman’s rank correlation 
coefficient 

0.465 0.483 0.469 0.457 0.426 -0.079 

Absolute mobility measure 
The Fields-Ok (1996) per 

capita index 
0.36 0.34 0.31 0.33 0.33 0.30 

Relative mobility measure 
The Shorrocks (1978) rigidity 

index 
0.737 0.750 0.754 0.696 0.707 0.940 

The Fields-Ok (1999) index 0.389 0.341 0.266 0.645 0.431 0.275 
Mobility as an equalizer of longer-term asset holdingsb 

The Fields (2009) index  -1.890 -2.084 0.223 -1.735 -1.731 
a. See Van Kerm (2002) for review and codes (except the last row).  
b. The Theil’s index is used in calculations.  
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Table A2 Test of perfect risk-sharing within the villagea 

Idiosyncratic shocks  
(with village-time 

dummies) 

Idiosyncratic & covariate 
shocks (without village-

time dummies)  

htincomeln∆  hthhsizeln∆  htincomeln∆  hthhsizeln∆  

Covariate 
income 
shocksb 

Stratified by intertemporal  agricultural assets 
poorest 25% 0.103* -0.445*** 0.496*** -0.338** 0.393 

25-50th  0.107** -0.252*** 0.409*** -0.194* 0.392 
50-75th 0.070 -0.264*** 0.405*** -0.288** 0.405 

richest 25% 0.017 -0.541*** 0.417*** -0.120 0.417 
Stratified by region 

costal 0.140*** -0.251*** 0.323*** -0.309*** 0.183 
central 0.079* -0.278*** 0.372*** -0.238** 0.293 
western 0.089* -0.272*** 0.452*** -0.115 0.363 

Stratified by poverty statusc 

churning 
poor 

0.211*** -0.244*** 0.511*** -0.109 0.300 

occasionally 
poor 

0.100*** -0.291*** 0.498*** -0.206** 0.398 

Average 0.186*** -0.247*** 0.615*** -0.074 0.429 
Note: Only the second lags of endogenous income and household size are used as 
instruments. The Hansen test for over-identification is rejected. No )2(AR  process 
exists in error terms. Difference test supports endogeneity in both income and 
household size.  
a. In line with Jalan & Ravallion (1999), our analysis is restricted to villages with no 
less than 6 households.  
b. The impact of covariate income shocks on consumption is derived by deducting 
Column 3 by Column 1, as suggested by Skoufias & Quisumbing (2005).  
c. The churning poor are those whose per capita real consumption was lower than the 
US$1.25/day in most of the survey years ( spellspoverty≤4 ). In comparison, those 
seldom falling below the poverty line ( 40 << spellspoverty ) are defined as the 
occasionally poor. Both of the always poor and the always non-poor in all survey 
years are not considered as the sample sizes are too small to use instruments in 
System-GMM.  

Appendix B: Computing marginal effects in logit mod els with 
interaction terms 
 
The probability of accumulation via investment is 
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where ( ) ( )βX
uF

−+
=

exp1

1
 denotes the c.d.f of the logistic distribution; other 

explanatory variables are included in x~ . The marginal effect of a single continuous 
variable ix  in x~  is  

( ) ( ) i
i

uF
x

g β=
∂

=∂ 1Pr
                                                                                                 (B.2) 

If ix  is a dummy variable, for example, whether being a specialised farm household, 

the marginal effect is  
( ) ( ) ( )βββ xFxF
x

g
i

i

−+=
∆

=∆ 1Pr
                                                                            (B.3) 

 
For single continuous variables that also appear in interaction terms, the marginal 
effects are as follows:  
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The full partial effects of the interaction terms with two continuous variables are the 
second partial derivatives (Norton et al., 2004). Using this definition, we calculate the 
effects of two-way interaction terms as 
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By the same token, the full partial difference of the triple variable interaction term 
with two continuous variables and one dummy variable is computed by 
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33 For simplicity, 1−htA  and htA  are treated equally.  
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The marginal effects (Eq. B.1-B.6) can be evaluated for an average household with all 
independent variables at their own mean. We alternatively calculate household-
specific marginal effects and then take the mean/median across all households, since 
this is more advisable according to Greene (2003). As found by Norton et al. (2004), 
our calculations also suggest that the mean partial effects calculated in this way differ 
from the marginal effects for an average household and do not necessarily have same 
signs as the coefficients.  

Appendix C: Estimating household-specific income sh ocks 
 
Following Jalan & Ravallion (2001), the panel income generation model is 

hthht Xy ενβ ++=ln                                                                                                 (C.1) 

where X controls household characteristics. The random individual effect has an 
)1(AR  process within each panel, allowing for the transfer of the effect of shocks on 

household income from one period to at least next period:  

hththht u+= −1ερε  

where diiuht ..→ . Jalan & Ravallion (2001) note that ignoring this mechanism will 

underestimate the household income uncertainty. The time invariant household-
specific serial correlation coefficient hρ is bounded within [ ]1,1−  and varies across 

households, while Jalan & Ravallion (2001) restrict it to be identical for all 
households. Their method gives unbiased and consistent estimates of ‘household-
specific income uncertainty’ 
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The severity of a particular income shock experienced by individual household is 

therefore defined by the ratio, 
P
h

yh

ŷ

ˆ 2
,σ

. Different from Jalan & Ravallion (2001), we 

further multiply 1−  to that ratio if uuht < , considering differentiated impact of 

positive and negative income shocks on households’ behaviour.  

Appendix D: Semi-parametric regression of asset dyn amics 
 
Adopting Mesnard & Ravallion’s (2001) specification, household asset stocks at t  are 
defined by 

( ) hththt XAfA εβ ++= −1                                                                                           (D.1) 

where { }nxxX ,,1 …=  contains n  covariates. The initial asset holding is included in 

an unknown function f , indicating the non-linearity. We use i) kernel regressions to 
obtain Nadaraya-Watson estimators of f  taking the form of Epanechnikov kernel 
functions with Silverman’s (1986) optimal bandwidth, and ii) LOWESS as a 
robustness check. Lokshin’s (2006) first-differencing estimation for Eq. (D.1) gives 

consistent and efficientβ̂ . The asset dynamics are similar in two cases.  
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We also implement another robustness check for the specification of non-parametric 
part. The non-parametric f  is tested against the 3rd order polynomial function34 by 
Lokshin’s (2006) specification test. Specifically, f  is replaced by initial asset stocks 
and their quadratic and cubic forms. Thus, the statistic can be constructed as 

( )
2

22

sp

spp

s

ssmT
V

−
=  

where 2
ps  and 2

sps  are mean square residuals of parametric and semi-parametric 

regressions respectively; ( )1,0NV → . Tests support the semi-parametric specification 
in all asset categories, with significance levels varying from 1 to 5 percent.   
 
Eq. (D.1) also facilitates the estimation of returns to assets. In doing so, htA  is 

replaced by income per capita as the new dependent variable. The above estimation 
and robustness checks are repeated for this new regression. Again, the result of the 
semi-parametric model is quite robust.   
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