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Abstract

The objective of our study is to identify pattern and causes of households’ transitions in and out of
poverty using the long household panel data on rural China in the period 1989-2009. We propose a
discrete-time multi-spell duration model that not only corrects for correlated unobserved
heterogeneity across transitions and various destinations within the transition, but also addresses the
endogeneity due to dynamic selection associated with household’s livelihood strategies. Duration
dependence is generally found to be negative for both poverty exit and re-entry. The household who
chose either farming or out-migration as a main livelihood strategy was more likely to escape from
this persistent poverty than those who took local non-agricultural employment, while the role of social
protection, such as health insurance, was not universally good for alleviating chronic poverty. Overall,
the present study emphasises the central role of agriculture in helping the chronically poor escape
from poverty.
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Poverty Dynamics of Households in Rural China: Idetifying Multiple
Pathways for Poverty Transition

1. Introduction

Households in rural China have been experiencirty Ipersistent and transient poverty.
Substantial reduction in rural poverty had beeniendd before 1985 as a result of
de-collectivisation of agricultural production anthe introduction of Household
Responsibility System which dramatically raisedi@dtural productivity (Lin, 1992), and in
the mid 1990s benefited from significant increaseprocurement prices of farm product
which pushed income growth of rural households [Bam et al, 2005). Since then,
however, the speed of poverty reduction has bemmesl down (Chen and Ravallion, 2008)
and it is increasingly difficult for policy and aid reach the remaining and more dispersed
poor in rural areas (World Bank, 2009), for whonprileation tends to be reproduced in the
longer-term. Further worse, there is consideraldbilty in and out of the poverty status in
rural China (Gustafsson and Sai, 2009). Many o$¢heho have recently escaped are prone
to be sliding back again (McCulloch and Calandri2@03). Transient poverty, albeit varying
with different empirical methods, is non-negligible total poverty (Jalan and Ravallion,
1998; Ducloset al, 2010) and its attributes differ from those ofastic poverty (Jalan and
Ravallion, 2000).

An effort to help the poor better thereforisctor understanding of pattern and causes
of households’ poverty transitions in such a dyramworld where households may ‘use time
as an additional degree of freedom’ (Baredtial, 2010, p. 461) to manage livelihoods in
response to the changing environment. Incorpordiimg dimension into the analysis of
household poverty is crucial not only for undersiag the evolution of households’ poverty
status and underlying causes, but also for degigand implementing effective anti-poverty
programmes. A typical way to do so is including theged poverty status as an additional

independent variable to capture the dynamics ofeggv Literature in this stream usually
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assumes first order transition (mainly followingppallari and Jenkins, 2002). However, this
may over-simplify the dynamics and rule out the ulative nature of poverty if a
household’s experience of poverty transition in gast beyond a previous round/year of
survey contains some clue to understanding thewcuand the future welfare trajectories.

To address this concern, the present studlyses poverty dynamics by using the
duration in which the household has spent. Onehefdignificant advantages of duration
analysis is to track individual’s unique historydaexperience. There have been many studies
on poverty in developed countries drawing upon tilomaanalysis, such as Canto (2002) for
Spain, Devicienti (2002, 2011) for Britain, and Ma@011) for the elderly in Belgium. By
contrast, there have been few works on developmmtcies. Baulch and McCulloch (2002)
use Cox’s proportional hazard model to identify toerelates of poverty transitions in rural
Pakistan. They bypassed specifying the form obtmeline hazards of poverty exit and entry
and assumed that underlying data are continuousle wh reality they are discrete.
Recognising this shortcoming, Bigsten and Shim¢R&08) estimate discrete hazards of
poverty exit and re-entry for rural Ethiopia anddithat households move frequently in and
out of poverty but the chronically poor cannot @sc&asily. Research for China is even
thinner. To our knowledge, only two studies havpesgped in this area. Glaubenal. (2006)
find first decreasing and then increasing hazarfdexiting and re-entering into poverty.
However, their study investigates only a relativeth province, Zhejiang, and hence is less
representative for what has happened to most Ghineal households. More critically, they
based the hazard model on underlying continuous, ddtile actually using survey data in
discrete time. Neither does their model consider gbtential bias on the shape of hazard
rates caused by household unobserved heterogevieity(2011) corrects for these concerns
by using the data covering seven provinces betwl&89 and 2006 and by constructing

discrete-time duration models controlling for unetv®d heterogeneity. You's study finds



overall negative duration dependence associatdd with exit and re-entry rates of poverty.
Nevertheless, the distribution of unobserved heemeity is modelled in an arbitrary way:
the presumed normal distribution.

The present study attempts to add the culiteraiture in the following two ways. First,
when exploring the pattern of poverty dynamics,imgrporate unobserved heterogeneity in
discrete-time duration models by a fully non-paramoeapproach. This methodology aims at
minimising possible misspecifications to offer mgreecise estimates. Second, to identify
multiple pathways underlying poverty transitionsg wropose econometrically a * “putting
time on the map” of poverty analysis’ (Clark andlida, 2010, p.352) that encompasses not
only households’ varied duration of past experieat¢non-)poverty but also their unique
histories of path dependence and shifts acrossriyoard non-poverty spells endogenously
led by their choices of livelihood strategies aradtipipation in social protection schemes.
Our framework controls for (i) unobserved heteragnthat can be correlated across
multiple poverty transitions of each household didthe dynamic selection underlying
multi-path transitions. This enables us not onlyuttderstand trajectories of household
well-being during which the strengths and weakrnesddalifferent correlates in aiding in the
escape from poverty might vary, but also to idgnitife optimal strategy by following which
households can expect to self-select out of defoivaOur results will thus carry rich
implications for more effective and household-baset-poverty design recommended by
World Bank (2009) for the present rural China sat the policy can be tailored to the poor in
accordance with their various paths of life expsreeover time. Our methodology will also
serve as a general tool for the study of povertpadyics and transition in developing
countries.

The rest of the paper proceeds as follows. Tmbhgt section puts forward our

econometric models. Section 3 introduces the dadseaamines the overall pattern and trend



of poverty dynamics in rural China. We then discaisd explain estimation results in Section

4 and offer concluding remarks and policy implioas in Section 5.

2. Methodology

2.1. A Background

There are two states, poverty and non-poverty, éetvwvhich households shift over time. We
draw upon discrete-time models because althoughvsilitimes are actually continuous, we
can only observe from the survey data survivaldigtrete time with intervals in between
where spell lengths are interval-censored. As igsi&n and Shimeles (2008), the (discrete)
survival time is indexed by, t,..., {,..., &k with equal intervals for brevity. We consider the
rates of exit for those who ‘just started a povespell’> Among them,d; households end
their poverty spells &f. n; households stay poor in at lepstaves and are at ‘risk’ of moving

out of poverty atj+1. We therefore define the survival function by

d

S _Ht(l—n—f] 1)(

The hazard rates associated with ending a povpety att; can be written as
1-§ft,) if j=1
)=18ta)-80) o, @
§t..)
The above two equations also allow us to obtairptheerty re-entry rates refer to those who
just started a non-poverty spell. The hazard rategnding non-poverty spells can be

calculated analogously.

As survival and hazard functions (Equationy dthd (2)) are essentially aggregate

! The concept employed here is in line with Devitii€2002, 2011) and Bigsten and Shimeles (2008).
A household that just has started a poverty (noreqy) spell at means that it was in non-poverty
(poverty) att-1 and shifts out of this state atOur sample contains 8 waves of the surveys. Torere

the first (non-)poverty spell starts at the secaagdte and the maximum duration is 6. The case where
the exogenous initial conditions are relaxed walldgresented in Section 2.3.
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measures of transition into and out of poverty tfeg full sample, while some households
sharing certain characteristics might remain pam/poor for a long time. These

characteristics can be either observed or unobdesueh as the lack of endowments and
intrinsic incapabilities. It is hence necessaryineestigate whether the revealed shape of
poverty transition is a common feature. In whatolek, we further explore the correlates of
exit from and re-enter into poverty by single commmp risk models in Section 2.2 and

attempt to map multiple pathways leading to variskhiapes of poverty transition in Section

2.3 by dependent competing risk models.

2.2.Modelling poverty exit and re-entry

In the baseline model, households are indexed.by the time intervalj, a standard
discrete-time hazard model is defined by:

hit,)=PrT =t |T, 2t,) 3)
whereT; is the time a (non-)poverty spell ends. Empirigalle use a complementary log-log
specification to accommodate the underlying digctehe when a transition into or out of
poverty occurs. As in Devicienti (2002) and You 12§ the probability that househoid
escapes from poverty at duratidrat timet;, given it has stayed in poverty spells upto

takes the following form:

e(d, X, |0F)=1-exd-exd f °(d)+ X; B” +u | (4)
wheref"(d) is the baseline hazard which is a function ofation thati has been stuck in
poverty spells;X; includes household-specific characteristics angrexgate covariates that
are time-varying and supposed to affect povertysitoon; u” Elog(uip) denotes the
unobserved household-specific heterogeneity whichime-invariant and shared kg all
poverty spells.

By analogy, the probability that househole-enters poverty at durati@hat timet;,
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given that it has been non-poor ug;tds written by:

r(d, X, [0")=1-exg-exd £ V(d)+ X, 8" +u) 5)
wheref(d) is a function of duration thathas successfully maintained non-poverty sp&ils;

is defined as before;u" = Iog(uiN) iIs the unobserved heterogeneity accounting for

non-poverty spells.

It is useful to elaborate on two empiricaluss which may bias the estimation of the
equations (4) and (5). First, how to define twodtiag hazards could potentially make
significant differences in estimated duration dejmrte. We attempt three methods without
putting a priori choice: (1) a parametric specifica making the baseline hazard dependent
on the log time spent in (non-)poverty spells, isaf"(d)=In(d) andf (d)=In(d) for exit and
re-entry regressions, respectively; (2) a pieceevd@emi-parametric specification grouping
different durations into time periods, that is,ethrtime-period dummies, each of which
containing two duratiorfsand implicitly assuming that the interval (disedehazard rate is
constant within each time period but differs acralerent periods; and (3) a fully
non-parametric form, that is, a set of ‘duratioteimal’ specific dummies at which
households are at risk of shifting out of (non-)gxy spells.

A more crucial issue is associated with thebserved heterogeneity. Failure to tackle
it would seriously bias the estimated duration-eeleece and the proportionate responses of
the hazards to estimated coefficients (Jenkins5R0A Section 4, we will take into account
unobserved heterogeneity in estimating the equst{dih and (5). This second step further
involves two problems that should call attentiolor Bne thing, the estimation of hazard
models with unobserved heterogeneity requires tienviedge of the distribution of these

unobservables in order to integrate them out duttiregestimation. Empirically, we consider

2 As mentioned before, because the maximum duragiéhbased on our data, we split them into 3
time-period dummies with 2 durations in each ohth&/e also experimented with other split-up, but
this does not appear to affect qualitatively ouratesion on the shape of duration dependence.
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both parametric and non-parametric distributionsr Ehe former, normal and gamma
distributions are assumed for the unobserved hggesity in turn, while for the latter, we
refer to Heckman and Singer’s (1984) non-parametnaximum likelihood (NPML)
estimation where the distribution of unobservectaeneity is approximated by a bivariate
discrete distribution with a number of latent ckss also termed as mass points — which are
left determined by the data.

Specifically, suppose there aweD{lZ,...,W} groups of households within the study

population who are endowed with different but uresleed characteristics that underlie
different hazards of poverty exit and re-entry.liRgl into the groupw is attached by a
probability 7z, with ¥%_, m,, = 1. For the typew, the hazard functions of poverty exit and

re-entry (equations (4) and (5)) can be re-writign

gl X, 1) =1-exi-exd f(d)+ X, 5 + 1) (6)
and
10X, 14))=1-ext-exd £ (d) + X, 8 + ) (7)

where g7 and g with WD{lZ,...,W} are known as location parameters which are a

number of discrete values capturing the effecttheflatent classes on the exit and re-entry
rates, respectively. The optimal number of thenfattassedV is determined by the data itself
using the Gateaux derivative method (LancasterQ)L88d is not necessarily the same across
exit and re-entry regressions.

Another issue attached to heterogeneity isweahave so far implicitly assumed that

there is no correlation between® and u" for parametric estimations and independeujt

and y! in the non-parametric case, i.e., they follow then-parametric distributions

G lp,yf,...,y\f,) and G(,L./lN,,L./ZN,...,,u\A“},) with their own optimal numbers of latent classes



W and W', respectively. Put differently, the unobservables pushing houlsishap to a
poverty line are irrelevant to those pulling theatk again, which, however, appears to be an
over-simplified and strict assumption. It would &enatter of concern if the unobservables
pertinent to poverty and non-poverty spells werialty correlated. Devicienti (2011) and
Maes (2011) introduce a discrete-time hazard moeleking this potentially unreasonable
assumption and allowing for endogenously determinii@l poverty status.

To minimise misspecifications, we rely on tien-parametric set-up (equations (6) and

(7)) and stick to NPML. Drawing upon Devicienti'sovk to motivate a simplified version

without dealing with endogenous initial conditichsye assume thag” and u" are

jointly distributed with the un-predetermined distition function G(,ulp,...,,uVFV’,,ulN,..‘,,uVFQ,)

together with optimal numbers of mass poiksfor the exit regression and/’ for the
re-entry one. These adjusted models are againasiiniy ML.

The models presented in this sub-section @aidentify relevant correlates of poverty
exit and re-entry rates. As the estimations areiaily based on pooled (non-)poverty spells
across households and over time, these modeldsaba understood asstatic examination
for poverty transition. In what follows, we procetdinvestigate who and why move in and
out of poverty by tracking individual householdistry of multiple transitions. In this sense,
we will provide adynamicpicture that will unveil time-varying and ‘tranisib-destination’

specific impacts of the important correlates ongrtvtransitions.

2.3. Modelling multi-path of multiple poverty transitions
We are interested not only in the actual transibatcome which is simply labelled as exit or

re-entry in Section 2.2, but also in the specifstthations of such transition. For example,

% Here we distinguisklV andW’ as distributions of heterogeneity can be diffefenexit and re-entry
regressions.

* As with possible endogeneity in households’ ihitiaverty status, we will extend this concept and
address endogenously ‘dynamic selection’ in Se@i8n

9



suppose there are two househotdandB who have the same high probability (hazard rate)
of shifting out of a poverty spell and they onlypexience this single poverty spell. The
householdA has realised this probability because it has dgtated members who can
regularly send remittances back, wHldnas escaped because it has managed successfully to
increase the efficiency and profitability of thaigricultural production. A similar argument
can be applied to multiple spells during which twouseholds descend into poverty
following its first exit and then escape again. Taases for the first and second shifts out of
poverty are not necessarily identical for the sétumesehold, or across households. In cases of
both single and multiple transitions, latent hegermeity might also play a role in households’
decision making besides their observed charadtsisThese complex and endogenous
pathways underlying multiple transitions cannothptured in the baseline models in Section
2.2 unless we track individual household’s spefid &ransitions of (non-)poverty as well as
associated choices, and identify the causes fon.the

In doing so, we take the approach of ‘ “pgtirme on the map” of poverty analysis’
(Clark and Hulme, 2010, p. 352) in our economatiadelling. We give particular attention
to (i) multiple spells of poverty and non-povely) endogenous ‘dynamic selection’, and (iii)
unobserved heterogeneity correlated across speNgel as various destinations within the
spell. Figures 1(a) and 1(b) present schematictily intuition behind our modelling
strategies. Based on the estimates from Sectionw®&2would be able to identify which
covariates are the most relevant to household potransition. As illustrated in Figures 1(a)
and 1(b), we specifically focus on the two facteveich are deemed crucial for rural
households: household livelihood strategies anchkpmtection.

[Fig. 1(a) and Fig. 1(b) to be inserted around hete

We classify household livelihood strategieso irthree categories: farming, local

10



non-agricultural employment and out-migration. BeJmg to which category depends on the
household’s labour allocation. A household, for repée, is regarded as a ‘farming’
household if the household members’ labour inpuagnicultural production is the largest
among the three. Defined in this way, three caiegoare made mutually exclusive and
interdependent. That is, they are competing butetated destinations — also known as
‘dependent competing risks’ in duration analysig/hich face the household when it shifts
from the current spell. Each household’s transitmstcome matches one of the three
destinations, while households could engage inrdtixe kinds of activities at the same time.
Another merit of this classification is allowingumseholds to switch between agricultural and
non-agricultural sectors within the rural spacevai as across urban-rural divide in response
to households’ own endowments and the opporturoipes to them.

As shown in Figure 1(a), we have supposedlyllasample prior to the first survey in
1989. In 1989 when we first observed householdsepy status, some of them were poor
while others were not, which could be determinedbgerved as well as certain unobserved
characteristics, such as total wealth, intrinsigpatality, effort and cognitive ability.
Households endogenously ‘selecting’ to be initiglgor in 1989 by either observed or
unobserved characteristics started a poverty speléw of them might have experienced
chronic poverty until the end of the survey in 2008ey remained in a single poverty spell
in this case. By contrast, some were able to ese@dpdifferent durations, i.e., these
households would face th&8%2ransition and start thé®@spell (or equivalently speaking, their
1% non-poverty spell). We stop tracking householdhat3® transition

As mentioned earlier, the transition (or ttezdrd rate) at the end of th& 4pell is

associated with three correlated destinations ddrivom households’ different livelihood

® Three transitions capture 55% of the full samBlee Figure 3 in Section 3 for the distributiontuf t
number of transitions (spells). Theoretically, onay include more subsequent transitions until every
household arrives at its observed destination. Keweincluding higher order transitions would
reduce further the number of observations havingiwed to face higher order transitions, which
would result in less efficient estimates.
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strategies. Latent heterogeneity matters alongethtée chain of shifts. The unobserved
heterogeneity affecting households’ initial povestatus in the first transition and the one
forcing them to fulfil different routes of povergkit and re-entry in the following transitions

might be correlated. Moreover, there might be aeatation between unobservables (e.g.
ability, skills or entrepreneurship) and observadables (e.g. educational attainment), which
would bias the estimates of observed covariatess Bort of endogeneity along the

household’s observed sequence of transitions duweg ts termed ‘dynamic selection’ in

Cameron and Heckman (1998). Its presence coulduobsice estimated impacts of observed
variables on the hazard of poverty exit at thftnsition (Karlson, 2011).

We also explore the function of social pratatischemes in terms of health insurance,
given the fact that illness and its associatedstiatphic medical expenditure is one of the
main causes of poverty in rural China (Gustafssahla, 2004). As illustrated in Figure 1(b),
there are two destinations associated with eadhaltiof or into poverty: at least one family
member is covered by any form of health insuralmcejone of the members joins. Again,
choices of two destinations within each transi@oa not independent and dynamic selection
might exist.

Having laid out Figures 1(a) and 1(b), we conf multiple transitions in and out of
poverty with interdependent destinations at eadem. We therefore follow Jenkins’ (2005)
multinomial logit framework to estimate dependeotnpeting risks models, while extending
the standard one to the multinomial transition nh@dth unobserved heterogeneity (MTMU)
developed by Karlson (2011) who applied it to indidals’ educational choices. In the
remainder of this sub-section, we will first pressstandard multinomial models but relaxing
the well-known assumption of Independent from &vaint Alternatives (llA) at each
transition to accommodate dependent competing,raskd then link each transition as in its

observed sequence with the jointly distributed waobed heterogeneity to phase out
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endogeneity caused by the dynamic selection. Thigsdidentally the intuition behind the

MTMU model.

We assume that each househathbodies unobserved latent propensify towards
choosing the alternative pata at transition kD{lZ,S}. Within each transition, there afe
different alternative pathways indexed lay and A could vary across transitionsz, can

be described by a number of factgjss follows:

J
Yiak = Zbajk)ﬁj * Eak 8) (
j=1
where b, measures the influence of the covarigteon i’s latent propensity for choosing

the alternativea at transitionk; &, denotes the transition-alternative-specific random

error terms that are distributed extreme valgg, ~ EV(O, 0’,(2772/6).6 Let y, denote
householdi’'s observed status at theh transition. The householdwould choosea if it
suggests the largest propensity far that is,

y, =aify, >y, for al aza 9)

In the standard multinomial logit frameworlg,, ought to be uncorrelated across all
alternative pathways within each transition, whishthe IIA assumption. Lea=1 be the

reference alternative against which other contcasices (competing risks in the duration

analysis) are defined. The probability of choosiag 1 in a standard multinomial form is:

J
ex J—:’lﬁakj X )

1+ ZsAzz eXdeﬂﬂSki)gJ )

where B, =b,, /o, is the logit coefficient (log odds-ratio) with thecale factord

Prly, =alx )= for a>1 (10)

By, =0 for normalising the model so that the baselineradtve is recognised by =1.

® A standard logit model is traditionally normalisedz®/6. See Train (2009) for detailed discussion
about the normalisation witii.d. errors and the scale paramedgr
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So far we have presented standard multinologat models at each transitidawith
the IIA assumption binding. Recall that we haveuadyat the end of Section 2.2 that the

unobservables could affect simultaneously povepsils and non-poverty spells. Here the
same argument may hold. Households’ choices magobelated throughg,, because if
removing one alternative, those who would have ehothis pathway are less likely to

randomly distribute their choices across the remgiralternatives (Karlson, 2011). The

violation of IlA could therefore be understood asrelated unobserved heterogeneity across

alternative choices within the transition. To shes,tconsider thate,, =u,, + ¢, where

i
v, denotes the household unobserved heterogendingiming its choice over at thek”
transition; &, is a random residual which is alternative-irrelgvand satisfiesi.d. By this
way, we can also refer to Heckman and Singer (1884glax the IIA assumption o@&,,
and handle the problem of omitted important unolsdges. As in Section 2.2, we assume
that households fall into uakWD{uakl,uakz,...,uakW} latent classes with the probabilitsg,,
being attached to each latent class approximate the unobserved heterogeneity )(for

household’s choosing alternative at thek™ transition. Thus, for those falling into the class
w at thek™ transition, the standard multinomial logistic mbg®) can be extended to the one
which is conditional on the unobserved heteroggraeit

J
eXF{Zj:ll,Baijij + uakw) \
A J
1+ Zs=2exdzj‘:1ﬂ$ijij + uskw)

kw is  the location parameter.  The  distribution  fuowti

for a>1

Pr(yik =alx 'Uiak)= (11)

where u

G(uakl,...,uakw,...,uAkl,...,uAkW) can be approximated non-parametrically by a nunaber

latent classes for each choice alternative. As stighchoice of each alternative destination
within the transition is made dependent througimtjg distributed’ and ‘alternative-specific’

unobserved heterogeneity of the household.
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Now we proceed to link transitions by housdblblown unique routes. Suppose
household opts for the alternatives, a' and &' from the first to the third transition in
turn, as illustrated in Figures 1(a) and 1(b). Blase (11), the probability of making three
consecutive transitions is defined by:

Pr(yik =a|x; ,ualw)x Pr(yik =a'| X ,uaZW)x Pr(yik =a'|x ,ua3W) (12)
Households fall into the latent classin each transition (i.e.(ualw,uaZW, a3w)) with the
probability 72, making them to choose the rou{a,a’,a”}. The multivariate probability
unconditional on unobserved heterogeneity is tloeeegxpressed by a finite mixture model:
Prly, =a,d,a"|x)

- i Pr(yil =alx 'ual)x Pr(yiz =a| X 'uaz)I x Pr(yi3 =a| X 'ua3)|’ﬂw

w=1
_i eXF(z] lllgaljxlj alw) . i ;ﬁaZJ)qJ aZW) . | (13)
W—ll+z eXF{ZI 118511)% +uslw) l+z eXF{ZJ 1:8521Xu SZW)
j ;ﬁa 3]&] aSW) | T

1+Z R e

wherel (I') is an indicator variable taking the value onéhé household who has ‘survived’
to face the second (third) transition and zero wtise. As stated earlier, we have assumed a
joint unspecified distribution for the unobservabbdfecting households’ separate choices in

three transitions. The distribution functionG(ual,uaz,uag) is  approximated

non-parametrically by a number of latent classess in Heckman and Singer (1984). Here
unobservables are allowed not only to affect adteves within transitions, but also to be
correlated across transitions. This captures thipadhic selection’ and hence, addresses the
endogeneity associated with the initial povertyusta

The finite mixture multinomial logit model (18 what we mean by MTMU and can

be estimated by NPML. Note that distinct scaledecty across transitions hamper direct
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comparison of the magnitude of the estimated adefits for the same independent variable

X but at different transitions (i.e.3,

). We further calculate the average partial effect
each independent variable at each transition, inderor to cast light on
transition-alternative-specific and time-varyingluence of independent variables on the
probabilities of choosing multiple pathways. Acdoglto Karlson (2011), the predicted
probability of alternativea for a householdat transitiork is formulated by:

Prly, =a)=] eip(zh 'éikj)gjfaakW)A Vi

W=11+ZS:ZGXP(Z j=l'85ijii +uskW) (14)

where againg,; = 0. The average partial effect (APE) on the probgbdf alternative a of

variablex; is therefore obtained by taking the partial danxeawith respective te; for eachi

and then averaging the partial derivatives acrossull study population:

Py, = ) N A )a
r(yk a Z(ﬂ kj)z Pr Yic = aluakw)ﬂw (15)
i=1 w=1

i

where f, = ZS Z'BSkJ eXF{Z —PéSkJXu skw)
‘ 1+z exdz BoXs + Oy )

In Section 4.2, we will apply the MTMU (Equani (10)) to Figures 1(a) and 1(b),

respectively. In each of the application, we féslect ‘non-poor’ as the baseline alternative at
the first transition, which reveals the pathwaygovVerty exit, and then ‘poor’ for studying
poverty re-entry. The reference alternative atdbeond and third transitions is the ‘local
non-agricultural employment’ for Figure 1(a) ana ‘protection’ in Figure 1(b). We finally

calculate APEs for each transition.

3. Data
We employ a balanced panel tracking the same hoakeholds over time. The panel is

extracted from China Health and Nutrition Surve@siNS) in 1989, 1991, 1993, 1997, 2000,
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2004, 2006 and 2009There are 1,304 rural households in the consuupanef This
study population is equally spread in seven prasnitom coastal to inland Chiflavhich
could offer good representativeness for rural China

It is worth noting that the choice of poventgicator could affect largely what picture
we can draw from the data about sample househateléare. Income has been widely used
to study poverty in China, while this indicator Hasen criticised to underestimate China’s
poverty headcounts by about 10% as average incemi®-20% higher than expenditure
(Park and Wang, 2001), overstate income mobilitag®hold and Barrett, 2011) and inflate
the dynamics of poverty (Baulch and Hoddinott, 206@e to greater volatility coming from
measurement errors and/or households’ consumptmmothing behaviour. Consumption is
therefore believed as a better indicator in bothresu and long term (World Bank, 2009).

Nevertheless, it is still unable to obviate comgllethe problem of measurement errors. As

" We begin by selecting ‘rural’ households as theéth rural registration Hukod and living in
villages in 1989. From this pool, we picked up #thagho have been re-interviewed in the seven
follow-up rounds and kept living in villages fulkte, though might have migrant family members.
Those living in urban suburbs are excluded.

® One might be concerned with non-random attritiad aging of study population in such a long
balanced panel. We have detected some non-randotio@tat both individual and household levels,
but this is unlikely to cause a serious problemstfithe extent of attrition is not so serious. rehe
were on average 24.5% of households in the paniehwbported ‘excluded’ family members in one
of the eight survey years. In these householdsatkeage number of ‘excluded’ family members was
around only 1.5 - of which 13% out-migrated and dme unregistered with the household and
therefore, they were not re-interviewed by the CHII&% were attributed to death; and only 15%
remained in the survey areas and were re-interdeagemembers of other households. Second, bias
would also arise if new household members usedetonly to other sample households and were
previously interviewed by the CHNS. We find, howewbhat from 1993, only 4 to 14 households out
of the total sample of 1,304 reported new familymers in various survey years. Among those
households, the average number of new members .88sHence, repeated interview for new family
members is less likely to cause substantial biasun estimation. Finally, we have re-estimated
models in Sections 2.1 and 2.2 for unbalanced p#ataland have obtained broadly similar results.

° These provinces are Jiangsu, Shandong, Henan,i,Hdib@ean, Guangxi and Guizhou. Two
north-eastern provinces, Liaoning and Heilongjizarg, excluded from the constructed panel, because
the former was not covered by the CHNS in 1997 thedlatter has enters the survey since 1997.
Excluding these two provinces is less likely tceatfthe representativeness or bias the estimadions
our panel as their economic and general developleeels, measured by average provincial real per
capita GDP between 1985 and 2009 (according tooaslitbalculations based on various issues of
China Statistical Yearbooks) and National Humanddgwment Indicators 2005, are within the range
confined by the included provinces.

19 See Appendix Table A.1 for the list of variables.
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monetary variables, both income and consumptiogestgsensitivity to the price deflator. A
natural alternative is nutrition measurement, fxareple, a food poverty line derived from a
threshold of nutrition intake per person per daye Timitation however is that this is only an
approximation of nutritional intake, and thus may necessarily reflect the actual nutritional
deprivations of household members.

Taking these empirical issues into account, we csesumption as the welfare
indicator and study household poverty measureddrsycppita consumption against a set of
monetary poverty lines. Specifically, we first recdate the international poverty lines of
US$1.25/day and US$2/day to accommodate differastt-af-living for the poor in rural and
urban areas (37% higher for the urban poor in 2805uggested by Chen and Ravallion,
2008). Then, to better insulate consumption from itifluence of measurement errors, we
follow Devicienti (2002) and define the poor (nooep) as those whose per capita household
consumption falls below (surpasses) 90% (or 110%c)he recalculated poverty lines of
US$1.25/day and US$2/day. This is what we mearaljusted’ poverty lines in the rest of
this paper in contrast to the ‘unadjusted’ onesctvhare simply the recalculated 1.25
dollar-a-day and 2 dollar-a-day lines. At the same, we use a food poverty line of 620
yuanin 2002 prices based on 2,100 calories intakgpeson per day to check the robustness
of poverty statistics derived by the adjusted anddjusted poverty lin€s. Based on the
constructed panel, the rest of this section expltine pattern of poverty transitions into and
out of poverty over time to motivate our model sfyeation in the next section.

Figure 2 depicts the changes of poverty ratesmsured by household per capita
consumption against various poverty lines. Whichewaeverty line is referred to, there is an
overall decreasing trend of poverty rate over tiiel\stime span. As we stated in Section 1,

the stagnation of poverty reduction and the comaéinh of destitution for some extremely

" This is an average food poverty line for rural i2hiand is calculated by Ravallion and Chen
(2007).
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poor households are also confirmed by our datar @eeperiod 1997-2000, the poverty rate
only decreased by 0.15 to 0.53 in percentage paoimder the three higher poverty lines in
Figure 2, and even increased by 54% (4.2 in peagenpoints) under the food poverty line,
which indicates a higher number of the ultra-pd®@overty reduction seems to have been
accelerated again since 2004. However, the loveeptiverty line is applied, the slower is the
pace of reduction, and vice versa. This also sgytiet many of those who are at the bottom
of consumption distribution remain poor, while th@-so-poor ones grow quickly (especially
those lying between US$1.25 and US$2). As suppléngrevidence to this, inequality
within rural areas keeps increasing over time.

[Fig. 2 to be inserted around here]

The above discussion gives rise to the questi® to how many poor households
continue to stay in poverty and how many have stiificross poverty lines from time to time.
Table 1 presents poverty transition matrices fazhepoverty line over the entire period
between 1989 and 2009. The adjusted poverty lin&J$$1.25 makes both escape and
backsliding more difficult compared with the unastpd US$1.25, since the adjusted line by
construction makes shifts more difficult. Therecisarly concentration of the categories of
‘poverty-poverty’ as well as ‘non-poverty and noowprty’ in both years. The average
likelihood of shifting out of poverty is higher thahat of backsliding, which is consistent
with the overall huge poverty reduction in FiguteBdth of the probabilities of exit and entry
are not trivial, implying frequent poverty transitss in rural China.

[Table 1 to be inserted around here]

We proceed to examine poverty transitions eatgr detail. As shown in Figure 3, there

is a significant degree of transitions as well esnpunced persistence. Under the adjusted
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US$1.25, 16.5% of households have shifted acrogsrfyoand non-poverty for at least five
times out of eight rounds of surveys. Most of hdwdes experienced two to four transitions,
while there is still a non-negligible proportior0(I%) only shifting once.

[Fig. 3 to be inserted around here]

Looking at poverty spells in Figure 4, abo@#&of households end poverty after one
period under the adjusted US$1.25 and 92.4% caddpe after three consecutive periods in
poverty. About 4% remained in poverty in at leastefconsecutive periods. The
population-weighted averaged length in povertywie periods under the adjusted US$1.25
and rises quickly to 3.7 under the poverty lindJ&$2. The higher the poverty line, the more
persistent poverty becomes. This indicates thasehaho have escaped from poverty
measured by lower poverty lines do not grow furtdred lie not-so-far away above the lower
poverty lines. This is also consistent with ourliearffinding from Figure 2 and may easily
cause returning to poverty when these householctsuerter adverse events or shocks.

[Fig. 4 to be inserted around here]

As a background for Section 4, we have alstveélé simple non-parametric estimation
for the survival and hazard rates of poverty erid ae-entry based on the equations (1) and
(2). As shown in Table 2, under the adjusted pgviane of US$1.25/day, the probability of
exit is 31.6% if the household only experiences paeod in poverty, but declines gradually
to 25.6% after remaining in poverty for four constaee periods. However, the chance of exit
increases at longer duration. By comparison, tiem@verall negative duration dependence
between non-poverty spells and the hazards of trg-éfhough an increase in the hazard rate
of re-entry appears after five periods in non-ptyeghe magnitude is not as much as that in

the hazards of exit. Overall, hazard rates of b®thh and re-entry after two periods are
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smaller under the adjusted poverty line than timalen the unadjusted one by construction. In
the first one to two periods however, the hazaifdsxd and re-entry look greater under the
adjusted poverty line. This may be due to greatdatility in households’ consumption
stream when they just make transitions than whew liave stayed in poverty or non-poverty
for some period$?

[Table 2 to be inserted around here]

4. Results and discussion

4.1. Correlates of ins and outs of poverty

Following discussions in Section 2.2, we have estait single competing risk models
without controlling for heterogeneity (corresponding to the equations (4) and (5)) 4red t
model controlling for heterogeneity and allowing faterdependent unobservables across
spells of poverty and non-poverty (for the equai@g@) and (7)) — the latter of which has
been estimated with and without additional covasga(i.e. disaggregated measures of
covariates, such as types of health insurance amgpanents of urbanisation). To save the
space, we present only the last two cases in TableColumns (1)-(3) report the results for
exit from poverty and Columns (4)-(6) show thoserésentry into poverty.

[Table 3 to be inserted around here]

Negative duration dependence is found in tkié regression when we used fully

12 The estimates in Table 2 essentially hold the rapsion that survival and hazard rates are
homogeneous across the study population, while sgyowgps of households may actually fare better
than others with respect to the outcome of poveaysition. We have used Log-rank and Wilcoxon
tests to examine some covariates that we suspeontaobute to the difference between hazard rates.
Education, out-migration and health insurance staridwhile local non-agricultural employment and
geographic locations of households suggest littigeict. The statistics will be provided on request.

13 We have applied a fully parametric baseline hafartttion, the piece-wise semi-parametric
specification and the fully non-parametric speaifiocn and obtained broadly consistent results.

4 Broadly similar and consistent results have betaioed for these three cases. The results for
other cases are given in Appendix Tables A.2 aigd A.
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parametric and the piece-wise semi-parametric Bpatons for the baseline hazard.
However, a fully non-parametric specification clgdends support to a first decreasing and
then increasing duration dependence in Columng3)1pf Table 3. One would have been
misled to a biased conclusion if the specificatairnthe baseline hazard were not flexible
enough. If the household experiences the povemrtil sp to one period (D1) to three (D3),
the probability ofexisting from poverty is decreasing and the coeffit estimates are
statistically significant. The more time spent iovprty, the less likely is the household to
escape, which could lead to chronic poverty. Howethe coefficient turns to increase with a
smaller absolute value for D4 and D5, which implieat the probability foexist becomes
more or less stable for those who have been chalbyipoor for three to four consecutive
periods. However, the probability of escaping frpaverty would increase if they experience
five consecutive periods in povery.On the other hand, consistently negative and asing
duration dependence appears in the re-entry ragnssgColumns (4)-(6)) and so do the fully
and semi-parametric specifications. Re-entry tlreatless for those staying longer in
non-poverty. For both exit and re-entry, the magietof D1 to D5 reveals non-linearity of
negative duration dependence.

Among various demographic characteristics,ignifsicantly negative coefficient of
household size for exit indicates that a largersebold is more likely to stay in chronic
poverty. The household with more adult membersasentikely to escape from poverty. Age
of the household head is positive and significanteiit, implying that a household with an
older head is more likely to exit from povetfyEducation plays an important role. The
households with more members completing primarmgpiséary and tertiary education are all

more likely to escape from poverty and end therdslaip. For re-entry into poverty, the

> In contrast, consistently negative duration depend is found in fully and semi-parametric
specifications. This indicates that flexible moitgl can reduce the bias caused by the possible
misspecification under over-simplified assumptiforsthe baseline hazard.

'® The squared term of age cannot be included asvilimmake convergence during our maximising
the likelihood functions impossible.
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coefficient estimates of primary and secondary atlog are insignificant, but that of tertiary
education is positive and significant. That is, Huseholds with more members who have
completed tertiary education are more likely tot ésom poverty as predicted, but, in the
meantime, they are more likely to slide into poyedgain. This latter result sounds
counter-intuitive, while we suspect that the reas@ay be soaring cost of higher education in
China, especially under proportionately declinimghcial support from the governments and
expansion of higher education enrolment since 1887reported in Démurgesat al. (2010),

for households in a remote and poor village of iBgijn 2003, the average educational cost
for a child under age 16 is 2,090an but jumps to 8,00Quanfor a university student. In
their survey, most of the households cannot affoisl even though the village belongs to the
capital. Chinese rural households tend to endupgivdgion again if they have to pay for
such high fees (Gustaffson and Li, 2064Moreover, though higher education may lead to
higher incomes in the future, it is not necessarynfigrants to find a job and is associated
with substantial opportunity costs in rural Chida Brauw and Giles, 2008a). Together with
expensive tuition fees, those struggling to affardiniversity student may well encounter
hardship.

On household wealth, more cultivated land $elpe poor escape from poverty
(Columns (1) and (3)). Land is collectively allosatto each rural resident within the village
on a basis of family size and the land rental nmahnks long been nascent. This induces land
fragmentation and a mismatch between land and fabwuexample, potentially idle land for
some affluent families participating mainly in ntarm activities (Jin and Deininger, 2009).
Endowing poor rural households who lack access do-farm opportunities with more

cultivated land can bring about substantial agtizal productivity gains (ibid, 2009) and

7 Unfortunately, the cost of education and the dased argument of the effect on poverty cannot be
verified by our data, as CHNS did not collect sagpenditure data.
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thus, facilitate their escag®.On the other hand, agricultural asset accumulaties a
poverty-preventing effect (Columns (4)-(6)). It rams unclear whether running small
business like commerce, service, and manufactarakle to explain poverty transition as the
coefficient estimate is insignificant.

There has been recently a resurgent of irtténeshe role of agriculture vis-a-vis
poverty (Barrettet al, 2010; Christiaensest al, 2011; de Janvry, 2010; de Janvry and
Sadoulet, 2010). Drawing upon cross-country datajsGaenseret al. (2011) find that the
poverty-reducing effect of agriculture is most pimemt for the poor living under US$2/day.
Agricultural development can also be crucial fovgay reduction for economies where there
are extensive market failures in the factors maketrcon, 2009), like China. Echoing the
above research, our estimation documents a paramolenof agriculture in determining
rural households’ poverty status. This is also =test with the finding that productivity
gains in agriculture are the key ingredient to @ase rural households’ income and to propel
huge poverty reduction in China (de Janvry and 8ked02010; Montalvo and Ravallion,
2010; Ravallion and Chen, 2007), especially forrpand landlocked areas in the west
(Christiaensenet al, 2010). However, slowed growth in agriculture camgul to
manufacturing and services sectors pulls the papewerty reduction in China: if the same
growth rate could be maintained across three seefter 1981, the poverty rate at the end of
2001 would have been achieved 10 years earlierglRav and Chen, 2007) and less than
half its actual value at the end of 2001 (Montalod Ravallion, 2010). Agricultural
development is essential for healthier structurahgformation, which in turn paves a
sustainable pathway out of poverty (Baredtal, 2010).

More members embarking on local non-agricaltuiwork suggests positive yet

18 Agricultural productivity gains originate mainly both land and labour productivity (de Janvry
and Sadoulet, 2010). Our estimate of land revdsspoverty-reducing effect stemming from the
former. For the latter, Christiaensenal. (2010) find that higher labour productivity in ayiture
helps rural households move out of poverty in Gaamsliinner Mongolia.
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statistically insignificant influence on poverty iexand prevents re-entry. Limited local
non-agricultural participation reflected by ouraabay explain this statistical insignificance.
Only 30-34% of households in different surveys hawed family members in local
non-agricultural employment and about 90% of thoseseholds drew off no more than two
labour force in local non-agricultural. Huarg al. (2009) also find that participation in
off-farm employment is associated more with youraged well-educated households, but less
with poorer ones. Another possible reason liesamdaRion’s (2005) finding that it is income
generated from agriculture that conveys the strsinggoverty-reducing effect and
externalities to other non-agricultural activitiagural China. Christiaensest al. (2010) also
document a larger benefit for escape from laboadctivity gains in agricultural than in off
farm.

Village out-migration networks increase coesably the chance of escape from
poverty (Columns (2) and (3)). With larger out-naitjon networks, villagers are more likely
to get a job outside as those often kinship neta/grovide relevant information and reduce
the transaction costs during job hunting (Zhao, 30®uccessful out-migration in turn
spawns the growth of rural households’ income é@Dal. 2005) and consumption (de Brauw
and Giles, 2008b), which mediates poverty exit. Hoev, these effects of out-migration are
not statistically significant for prevention of eetry into poverty (Columns (5) and (6)).

As revealed by Table 3, another prominenthaite to poverty transitions is health
insurance.We observe statistically significant and large effecdfs health insurance on
facilitating poverty-exit as well as prevention rfropoverty re-entry? Rural residents in

China have long been excluded from many socialeptmn schemes that are enjoyed solely

% We included two important sources of income shdeking Chinese rural households who rely
mainly on agricultural production as additional negsors and re-estimated Columns (1) and (4). A
positive shock, measured as increases in the gnatghof the purchasing price of farm product tends
to accelerate considerably rural households’ ttamgsbut of poverty. Weather shocks, proxied by the
percentage share of cultivated land affected byuamatural disasters at the provincial levelflon
other hand, tend to perpetuate chronic povertyebdyceing the probability of exit.

25



by urban residents, such as the minimum incomeatippd pension. A typical case is health
insurance. Only 12.8% of rural population in 199%sweovered by health insurance including
voluntary community-based insurance, public medieaé, social medical insurance, and full
or semi-labour related medical insurance. Yet, siiare was even smaller after a decade of
remarkable economic development (11.2% in 2003)nl§ the voluntary community-based
insurance is accounted for, the share was only 6162898 and 9.5% in 2008. Since 2003,
the government has re-launched community-based ecatipe health insurance, New
Cooperative Medical Scheme (NCMS), aiming to exp#ma social welfare for the rural
population. Considering an on-going debate on wdresimd how the introduction of NCMS
effectively limits rural households’ financial riskWagstafiet al, 2009), we are interested in
examining the disaggregated effects of differendkiof health insurance. Columns (2) and
(5) show that the positive (negative) and signiiticaffect of health insurance on exit from
(re-entry into) poverty mainly works through the MG, which has significant effects on
both increasing exit and reducing re-entry. Freeiiance provided by the government which
was launched in a small range of areas and popalatithe early 1990s has no statistically
significant influence. The purchase of commerciablth insurance tends to significantly
barricade escape given that it might incur largpoofunity costs and trade-off between such
an expensive purchase and current living conditions

Urbanisation helps rural households end pgyvesthile it is not significant for
preventing re-entry. Urbanisation considered henmeot simply the increasing share of urban
populatiori* in total population defined by the National BuresStatistics of China, which
is criticised to be due, at least partly, to adstiative upgrading of low-level governments.

Rather, it is comprehensive development changimgl-urban environment gradually over

% The shares in this and the previous sentencesutiners’ calculations based on data compiled from
Liu and Rao (2006) and China Health Statisticalrl¥eak 2008 published by the Ministry of Health.

L Here urban population points to those who perméyéne in urban areas, rather than who only
register with an urbaHukou
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time, such as population structure, economic (Blpic non-agricultural) activities,
marketerisation, infrastructure, communication, aedlvery of education, health and other
social services. An urbanisation index at the gelalevel incorporating these dynamic
socioeconomics has been constructed by Jones-amuthiPopkin (2010) and complied into
the CHNS by the survey team. Columns (1)-(3) paut a significant poverty-reducing
effect of urbanisation. This variable also providesopportunity to check the sensitivity of
our findings to rapid and wide spread urbanisafioross China. This is especially important
in our context as we use a long panel coveringdecades and some of the initially ‘rural
areas may have become urbanised to some exteten durveys, though they are still
labelled as ‘villages’ or ‘counties’ in the goverant’'s administrative divisions. Controlling
for the degree of urbanisation, we can infer that tevealed shape of duration dependence
and other findings are robust and representativeufal China.

We also employ some disaggregated measurdesafurbanisation (Columns (3) and
(6)). More economic activities in terms of highesges for ordinary males and the percent of
population in non-agricultural work are statistigahsignificant in both exit and re-entry
regressions. This somehow echoes our previousnfysdthat it is agriculture, rather than
local non-agricultural employment, that acts askeg attribute to poverty transitions. This
estimate also allows us to shed some light on nldéact effect of rural-urban migration.
Christiaenseret al. (2010) note that rural agricultural labour mark&ght be tightened as
urbanisation expands, i.e., as more rural populatat-migrates and engages in local
non-agricultural activities. This in turn would aitthigher agricultural incomes and facilitate
poverty exit. However, the insignificant estimatelacal economic activities rejects this
indirect effect of out-migration through tighteningyal agricultural labour markets, possibly
because there are few landless agricultural lalbsumerural China under the collective land

allocation on the basis of household size. As ebgukceasier access to markets and more

27



social services in terms of provision of preschém children under three years old
significantly and availability of various insuranbenefit poverty exit. However, neither of

these village-level factors plays a role in preugntransitions into poverty again.

4.2. Multiple pathways underlying poverty transition
From the analysis in Section 4.1, household livalih strategies and social protections stand
out as important determinants of poverty transgiomer time. This sub-section presents our
findings on which route steadily lifts householdst @f poverty by the MTMU models
outlined in Section 2.3. In Panel A of Table 4, baseline alternative at thé& fransition is
non-poor. The first column reports coefficient esttes and standard errors for the
probability being under ‘initially poor’ after takg account of the endogeneity of initial
poverty status. The second transition correspomdgtite transition from poverty to)
‘non-poverty’ for each livelihood strategy. The ults for ‘Agriculture’ and ‘Out-migration’
are presented in the second and the third colufireslast two columns are the results for the
third transition, ‘poverty’ (from ‘non-poverty) foAgriculture’ and ‘Out-migration’. Because
the baseline alternative at th® ttansition is ‘poor’ in Panel B of Table 4, thesfi transition
is for being ‘initially non-poor’, the second traiien is ‘poverty’ and the third one is
‘non-poverty’, each of which is conditioned by liN®od strategies. The results for social
protection are reported in the same way in Table 5.

Employing Gateaux derivatives, we have detkti® latent classes (i.e., Classes 1 and
2) under each destination-specific transition thated in Figures 1(a) and 1(b) as presented
in Appendix Table A.4. The distinction between thdw/o classes is determined by the
likelihood of a household following specific tratighs by taking into account both
household observable and unobservable charaatsridti Panel A of Table 4, there is a

probability of 44.8% for households to be endowathwlass 2 which predisposes them
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toward poverty at the first transition, while 55.2%6them fall in Class 1 which makes them
intrinsically less likely to be initially poor. Shcobservations give salience to a concept of
persistent poverty of which households with Classirdbservables would be in grip.
Together with generally negative duration dependergealed in Section 4.1, households in
rural China tend to be captured by two differemtds of persistent poverty caused by their
past experiences and respectively. Dynamic seleclso appears to exist. In Panel A of
Table 4, households who possess Class 1 heterogemel are less likely to start with a
poverty spell in 1989 consistently have lower likebd of choosing agriculture or
out-migration as a means to escape than chooskey lmn-agricultural employment in
subsequent transitions. Similar patterns are fdiandsocial protectiod? The presence of
endogenously initial poverty and dynamic selectiostify our use of the MTMU model
specification.

We first look at livelihood strategies in Tabd. Taking non-poverty as the baseline
alternative at the first transition (Panel A), wedf strongly negative duration dependence
again because the positive estimate of the logarith years in poverty (lal)) implies that
the longer a household experiences poverty, the filaly it is to be observed poor. That is,
there appears to be strong persistence of povertgdme households. However, duration
dependence in poverty disappears at the secorsltioanfor those choosing agriculture and
out-migration, compared to those who embark onllocam-agricultural employment as a
route to escape. At the third transition, it iskstig to find that duration dependence becomes
positivefor both agricultural and out-migration pathwaysjicating a good chance to escape
at longer duration. That is, a household, whileyist longer in ‘poverty’ in the third
transition, ismore likely to escape from poverty should it engage enor agriculture or

out-migration. Comparing these two routes, thelilicmd of escape appears to be higher for

22 Another clue is correlated heterogeneity indicdigdon-zero elements in covariance matrices of
latent heterogeneity across destination-speciiaditions. Full results will be furnished on reques

29



the households choosing to rely on out-migratianredlected in the larger absolute value of
coefficient estimate of lulj in the last column.

[Table 4 to be inserted around here]

In Panel B where poverty is taken as the baseallternative at the first transition (i.e.
those who are initially non-poor are concernedgatiee duration dependence first appears at
the second transition for those selecting the agtation route. The significantly positive
coefficient estimate of ldf implies that longer poverty experience tends nbamce the
probabilities of staying in poverty (i.e., redu¢hke chance of exit). However, had households
chosen to rely on agriculture when falling behinndhe second transition, they would not
have been affected by such captivity of poverty.réddwer, at the third transition, the
significantly positive estimated coefficient of dy(indicates that the more years the farming
households have stayed in non-poverty in the plastmore they are able to remain such a
high well-being. Those who opt for out-migrationgti still face a possibility of backsliding,
though the coefficient estimate is insignificant.

Among households’ demographic characterisactarger family size and the age of
head are correlated with a lower likelihood of Ilgeinitially poor®® Particularly at the third
transition, both tend to reduce the possibilityrefentry into poverty for the initially poor
(Panel A), while Table 3 finds that family sizeasly correlated with poverty exit. For the
initially non-poor (Panel B) at the third transiiioa more elderly household head would
reduce the chance of exit for those primarily int-ogration, but would not affect
agricultural households.

Interestingly, education only ‘selects’ poyeand non-poverty at the first transition.

More members having primary and secondary educatéon help households reduce the

2 Again we are unable to include the squared agethiaswill make the maximum likelihood
functions fail to converge.
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possibilities of being poor at the first transitisith 11% and 9.5% respectively.However,
these variables do not affect significantly eitb&it or re-entry in the following transitions.
For the initially poor, more members receiving igest education can increase the chance of
initial poverty by 9.3% at the first transition adduble the re-entry rate at the third transition
for farming households and the average partialceffer those following the route of

out-migration is 24.69%>

For the initially non-poor, tertiary education ieases the
probability of re-entering into poverty at the seddransition for agricultural households. All
these findings are consistent with previous estsan Columns (4)-(6) of Table 3. It is
conjectured that a positive correlation betweerhéigeducation and poverty exit we have
found in Table 3 is largely affected by the initpdverty status. It holds for the initially poor
at their second transition (i.e., the first poveetit) and having more household members
receive higher education tends to ‘select’ agrigalt households to climb out of poverty with
a higher probability than those on the route ofmigration as the average partial effect on
the chance of exit is 46.8% for the former groud 88.8% for the latter. Nevertheless, for
the initially non-poor, higher education appearslitoit the chance of exit at the third
transition (i.e., their second transition to norvgay) particularly for agricultural households.
Once falling behind, at least some of the initiadtyn-poor might struggle to afford expensive
higher education. It is conjectured that havingfesefl from poverty, albeit following a
non-poverty spell, could chip away the power ofhleigeducation in future exit. As such, past
experience of poverty not only incurs persistenpro@tion on its own rights (i.e. the

negative duration dependence), but also exhibisnqunced influence on otherwise

favourable attributes to poverty transitions. Ollepgimary and secondary education reduces

# One may notice significantly negative estimatepriohary and secondary education in Panel B of
Table 4, which means that households with more neesnbaving completed primary and secondary
education are less likely to be initially non-po®his seems contrary to the corresponding estimates
in Panel A. However, when excluding the scalingef on estimated coefficients, we find that the
average partial effects of two educational varigtitePanel B are less than Panel A and with larger
standard errors. Therefore, the ‘net’ effects ekthtwo levels of education are still poverty-redgc

% The estimates of APEs for all the variables wdlfbrnished on request.
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initial poverty only. Higher education carries tatef re-entry into poverty and its positive
role in promoting exit depends on households’ahpioverty status.

We find a positive and selective role played dgricultural asset accumulation: it
reduces (increases) the probability of being ilytipoor (non-poor) at the first transition.
However, its selectivity dissipates in the subsatjtransitions. More cultivated land in Panel
A appears to be correlated with initial poverty,iethmight be ascribable to inefficient land
allocation policy in rural China (Braneét al, 2002), and less likelihood of exit at the second
transition, especially for those choosing out-miigraand that of the third transition in Panel
B. This seems inconsistent with the results in @&blvhich shows that more cultivated land
is an impetus to exit. Note that in the MTMU modek have controlled for households’
history of transitions. As the case of higher ediooa past experience of poverty prior to exit
could weaken the positive role of land holdingsisltalso found that the cultivated land
precludes re-entry into poverty and the coefficiestimate is statistically significant in the
MTMU model. Specifically, maintaining a larger areficultivated land reduces the chance
of re-entry into poverty for those who are initygloor and choose the route of out-migration
at the third transition (Panel A) and those whoiartéally non-poor and whichever livelihood
strategies they follow at the second transitionn@PaB). In this sense, cultivated land
holdings and agricultural production attached tioiiction as safety nets, especially for those
migrating to cities for higher incomes but havirgd likelihood to enjoy social insurance as
those with urban registration.

A larger share of household members in local-agricultural employment appears to
associate with a higher probability of initial potye Nevertheless, it serves as a valuable
complement to the initially poor who select the iagtural route, as it reduces their
likelihood of re-entry into poverty by 31.8% at tki@rd transition. Village out-migration

networks suggest strong negative (positive) caielawith initial poverty (non-poverty).
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This relationship however disappears in the follyviransitions for the initially poor. By
contrast, more village out-migration almost doultles chance of falling into poverty for
those who are initially affluent and choose agtio@ at the second transition. At the third
transition in Panel B, migration networks help #n@gho are initially non-poor and choose
the out-migration route get rid of poverty more igaswhile its APE is weakened
substantially as opposed to that of earlier traorsst

It is notable that there is no correlatiorvin health insurance and the initially poor
in Table 4. The substantial and positive effecheélth insurance found in Table 3 mainly
comes from the initially non-poor households. Ttases the concern as to whether health
insurance is an effective tool to bail out the wraly poor caused by their latent
heterogeneity. In Panel B, a greater coverage aftthensurance for family members can
increase not only the probability of being inityalhon-poor, but also the chance of the exit
from poverty for those who are initially non-poauttslide back into poverty at the second
transition. Health insurance appears to be abétémuate the aftermath of past experience of
poverty: its APE at the third transition is appedate, 21.2% and 16.7% for agricultural and
out-migration routes respectively, as compared @ifi%o at the first transition.

In addition to higher education and land huoddi, urbanisation is another variable
which we find has been affected by the endogendwysamic selection’. It promotes the exit
from poverty in Table 3, but in MTMU models, thislp holds for the initially poor at their
second transition and for the initially non-poor their third transition. Agricultural
households benefit more from urbanisation comptydétiose choosing out-migration, which
is predictable given the positive relationship kestw agricultural incomes and the elements
of our urbanisation index such as the vitality o€dl economy, infrastructure, access and
integration to markets, and social services. Taleinitially poor for example. The APE on

the exit rate for agricultural households (57.2%)three times as high as that for those
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following out-migration (18.8%). Moreover, urbartisa also stifles re-entry for the initially
poor choosing the agricultural pathway during th&ubsequent transitions. A surprising
observation is that at the first transition, a leigdegree of urbanisation is associated with a
greater (lower) possibility of starting with a (nypoverty spell. A higher degree of
urbanisation can bring about increases in incom&edisas higher income inequality, which
implies that the impact of urbanisation is the ¢&radf between two counteracting forces
(Christiaensen and Todo, 2009). The poverty-redpaimd preventing effects are likely to be
caused by a dominating income effect, while thetpesassociation with poverty can happen
if the inequality effect takes over. It is furthested that the positive association with poverty
is only observed at the first transition. Taking@mt of this as well as earlier results on
agriculture and out-migration, we would argue thdbanisation can be considered as an
anti-poverty initiative only in later stages of sphor structural transformations, while
agriculture and out-migration are the tools whewgnty is still omnipresent in rural areas.

Table 5 presents estimation results of MTMUdele based on whether or not
households participate in health insurance. Wesegnsimilar findings about the effects of
covariates on the probability of poverty or non-eay at the first transition. We will thus
focus on interpreting the second and third tramssi

[Table 5 to be inserted around here]

For the initially poor (Panel A) who chooseparticipate in health insurance at the
second transition, education, asset accumulaticghusbanisation are unlikely to ease exit,
but would rather reduce the exit rate comparedhtsdé who are initially poor but do not
participate in any form of health insurance. Logah-agricultural employment turns out to
drive escape and the APE of out-migration (81.9%cnbre appreciable than that of local

non-agricultural employment (24.4%). This is alagetfor the exit (the third transition) for
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those who are initially affluent and select theteoof having health insurance.

At the third transition for the initially podnigher education and local non-agricultural
activities tend to give rise to re-entry into pdyealthough they have at least one member
covered by health insurance. Age, primary educatienmd holdings and out-migration can
reduce the probability of re-entry, while for thetially non-poor (Panel B) at their second
transition, secondary education, agricultural asgeumulation and urbanisation also help
with avoiding re-entry.

It is worth noting that for both initially po@nd non-poor households, having more
family members enjoy health insurance tend to eeethe probability of re-entry into
poverty with moderate APEs (10-11%). Together i positive correlation between health
insurance and initial affluence (Panel B of Tab)eibcould be argued that the favourable
role of health insurance on poverty transitionsitded by Table 3 reflects its impact on the
first transition rather than during subsequentditeans. When households have experienced
at least one spell out of poverty, participatiorheélth insurance appears to lose its power in

safeguarding households’ non-poverty stafus.

5. Conclusion

The objective of the present study is to identifie tpattern and causes of households’
transitions in and out of poverty using the longglahousehold data on rural China in the
period of 1989- 2009, which has been constructeoh fChina Health and Nutrition Survey.

We have proposed a discrete-time multi-spell daratmodel that not only corrects for

% Another possible explanation of this seeminglypatgl poverty-increasing effect of health
insurance spins off from households’ behaviour artipipating in health insurance. Using CHNS in
the 1990s, Wagstaff and Lindelow (2008) find evikeiof both moral hazard and adverse selection
and argue that health insurance does not necesBarit households’ financial risks. Our analysis
also lends support to this: those affected by dbrdimess are more likely to participate in health
insurance, with a correlation coefficient betweles incidence of chronic illness and health insuganc
participation being 0.19 at 1% significance le&iven this, those having social protection can have
worsening poverty status over time.
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correlated unobserved heterogeneity across transitand various destinations within the
transition, but also addresses the endogeneity tdueynamic selection’ (Cameron and
Heckman, 1998) associated with household livelihodde model identifies multiple
pathways of poverty transitions through the houkEh@ndogenous choice on livelihood
strategies and participation in social protectichesnes. Our main empirical findings are
summarised below.

First, there are first decreasing and themegmsing hazard rates of exit as households
spend more time in poverty and overall negativeatiom dependence between the re-entry
rates and households’ experience of non-povertysiflent poverty would arise from
negative duration dependence as well as some lagtatogeneity predisposing households
to poverty. However, households would still havgoad chance to exit even though having
long been subject to destitution, were they to gagmore in agricultural production or
out-migration.

Second, primary and secondary education appeatargely facilitate poverty exit,
while they are more effective for those who justdrae poor (i.e., the initially non-poor).
Although higher education tends to increase théadvdity of re-entry into poverty due
possibly to the expensive tuition fees or high opputy costs, it significantly increases the
chance of exiting from poverty if households seleztengage more in agriculture in
particular, or out-migration.

Third, cultivated land is highly selective foouseholds’ initial poverty status as well as
the following transitions by limiting the re-entinsto poverty. Agricultural asset accumulation
emerges to be an effective means as it reduceprtimbility of being poor at the initial
transition. More importantly, cultivated land prdes safety nets for those who rely on
out-migration to escape in terms of reducing theancle of re-entry. By contrast,

out-migration is less likely to assist the exitrfrgoverty for those who are initially poor; it

36



helps initially non-poor households more. Local fagmicultural employment can be a means
to preclude inadvertent backsliding for those feilog the agricultural pathway out of
poverty, but has not turned out to be a way outs®if. Overall, our study finds the primary
role of agriculture in alleviating rural poverty vgn limited influence of local
non-agricultural sector and sometimes recurrerddtap accompanied by out-migration rife
with various uncertainties associated with unst@dibs in cities and getting enough paid in
time in a specific context of China.

Fourth, social protections in terms of heatthurance are not universally good for
alleviating poverty. It has dual impact dependimghouseholds’ initial poverty status as well
as following experience. On the one hand, it isrelated with initial non-poverty.
Households, on the other hand, can hardly escapsingly continuing to participate in
health insurance if they initially suffered frompiization and had already accessed health
insurance. Moreover, participation in health insgemeven suggests positive correlation with
the probability of re-entry for initially affluenhouseholds, especially if they decide to
purchase possibly expensive commercial insurance.

Deriving any policy implication from the presenudy needs a great caution given the
rapid transformation rural areas of China are nogegencing. However, it would be
probably safe to derive the following implicatiofe policy from our empirical findings.
First, poverty is a dynamic phenomenon as a mgjofitrural households have experienced
multiple transitions between poverty and non-powd?blicies to target the poor based on the
single-year data would be thus misleading. Puldiccies which would promote urbanisation
during rural transformations should be carefullagdd and implemented, as they can have a
differential effect on poverty reduction dependmg the stage of transformations. Second,
though the total number of the poor has been daglirthere are a substantial number of

households who have been chronically poor and teebd supported by public interventions.
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We have seen that poverty tends to be perpetuaididarly if we adopt the lower poverty
lines. Third, agriculture holds great potentiakmidress rural poverty. The policy to promote
the agricultural sector, in particular providinggpdouseholds with a larger area of cultivated
land and facilitating their acquisition of agriauial assets would be crucial to help them
escape from the chronic poverty in the middle arglaun. Alleviating shocks in their
agricultural production has also been identifiecaasmportant policy dimension. Moreover,
there is room for agriculture to serve as safetg meterms of preventing recurrent poverty,
especially for those relying on out-migration taa&se because migrants are exposed to many
uncertainties but covered by little social protecs. Finally, while health insurance was not
universally effective as an instrument for allemgtpoverty, our disaggregated analysis has
shown that only NCMS was effective in helping treopescape from poverty and prevent
the non-poor from backsliding again, which implteat the type of insurance is crucial. In
sum, supporting the agricultural sector with aipalar focus on the poorest households and
providing appropriate measures for insurance fenthwould be a primal policy focus in

order to alleviate poverty in rural China.
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Fig. 1(a) Pathways of poverty transition (by livelihoodstrategy)
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Fig. 1(b) Pathways of poverty transition (by social progction)

Prior to 1st 2nd 3rd
1989 transition transition transitior
protectio
Poor Non-poo
_ Health Poor
Eull insuranc
sample No
BES
Non-poo Poor e
insuranc Non-ool
Fig. 2 Profile of poverty rates
100%
90%
80%
70%
60% =#—Unadjusted US$2
50% ——Unadjusted US$1.25
40% Adjusted USS1.25
30% =@—Food PL
20%
10%
0% T T T T T T T 1

1989 1891 1993 1997 2000 2004 2006 20098

Source: Authors’ calculation based on CHNS data.

Fig. 3 Distribution of the number of transitions (spell9
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Note: The maximunmumber of spells is eight given that there aretaighnds of the surveys. However, the eighth ipgea in the figure
because only one household experiences eight speliradjusted US$1.25 andhadjusted US$2 respectivi

Fig. 4 Distribution of the length of poverty spell:
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Note: Pooling multiple poverty spells exienced by each household together, there are 208@1 and 249 poverty spells under
adjusted US$1.25, unadjusted US$1.25 and unadjuks@@separately. Of 1,921 poverty spells undéjusted US$1.25, 0.1% suggests
length of 8, while this may ndite seen clearly frorFigure 4 due to the large scale of the verticad.axi

Table 1 Poverty transition matri ces (%), 1989-2009

Poverty Non-poverty Total

Adjusted poverty linef US$1.2

Poverty 58.36 41.64 100
Non-poverty 18.40 81.60 100
Total 36.01 63.99 100
Unadjusted poverty linof US$1.25

Poverty 54.77 45.23 100
Non-poverty 23.90 76.10 100
Total 38.26 61.47 100

Source: Authors’ calculation based on CHNS di

Table 2 Survival and hazard functions of poverty transitior

Time since the Poverty exi
start of spell Unadjuste US$1.25 Adjusted US$1.25
Sur.(s.e. Exit (s.e.) Sur. (s.e.) Exit (s.e.
1() () 1() ()
0.7C (0.009) 0.286 (0.011) 0.727 (0.008) 0.316 (0.011)

~No o0k WDN PP

057€ (0.011)
043E (0.012)
0.332 (0.013)
0187 (0.012)
0.110 (0.011

0.263 (0.014)
0.278 (0.020)
0.270 (0.026)
0.578 (0.047)
0.520 (0.069)

0.555 (0.010)
0.427 (0.011)
0.330 (0.012)
0.212 (0.012)
0.132 (0.012)

0.269 (0.014)
0.261 (0.019)
0.256 (0.025)
0.433 (0.042)
0.469 (0.067)

Time since the
start of spell

o Ol WDN P

7

Poverty r-entry

Unadjuste US$1.25

Adjusted US$1.25

Sur. (s.e. Re-ent. (s.e.) Sur. (s.e.) Re-ent. (s.e.)
1(.) () 1() ()
0.751 (0.014) 0.345 (0.020) 0.700 (0.013) 0.353 (0.018)

057( (0.017)
048¢ (0.018)
046¢ (0.019)
044¢ (0.019)
0.436 (0.02C

0.212 (0.021)
0.153 (0.022)
0.050 (0.015)
0.037 (0.015)
0.027 (0.016)

0.573 (0.015)
0.516 (0.016)
0.507 (0.016)
0.503 (0.016)
0.491 (0.017)

0.200 (0.018)
0.105 (0.016)
0.017 (0.008)
0.009 (0.006)
0.024 (0.012)

Note: KaplanMeier estimate
Source: Authors’ calculation based on CHNS d:
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Table 3 Correlates of poverty transition (by disaggegated measures)

Independent variable Exit Re-entry
1) 3) (4) (5) (1) (8)
Duration dependence
D1 -0.154 -0.112 -0.142 -0.391 -0.404 -0.381
(0.073§ (0.073) (0.074) (0.116§" (0.116§" (0.115§"
D2 -0.320 -0.357 -0.285 -0.945 0.961 -0.926
(0.090§" (0.089§" (0.091§" (0.171§" (0.171§" (0.172§"
D3 -0.367 -0.358 -0.352 -2.831 -2.830 -2.830
(0.110)” (0.110)” (0.110)” (0.453)” (0.4545” (0.4545"
D4 -0.033 -0.038 -0.018 -3.568 -3.576 -3.563
(0.115) (0.114) (0.115) (0.712)” (0.717y" (0.712y"
D5 -0.108 -0.096 -0.093 -2.581 -2.566 -2.568
(0.160) (0.160) (0.160) (0.508)" (0.508§”" (0.508§"
D6 0.839 0.834 0.848 -3.418 -3.394 -3.433
(0.204§" (0.203§” (0.204§" (1.007§" (1.008§" (1.008§"
Household characteristics
hh size -0.043 -0.043 -0.047 0.030 0.041 0.030
(0.024 (0.024) (0.024) (0.040) (0.039) (0.040)
age of hh head 0.021 0.020 0.021 0.001 0.0002 0.002
(0.003§" (0.003§” (0.003§" (0.004) (0.004) (0.004)
% primary edu. 0.442 0.426 0.461 0.171 0.142 0.192
(0.145)” (0.143§" (0.145)" (0.261) (0.260) (0.262)
% secondary edu. 0.588 0.631 0.618 0.256 0.195 0.276
(0.146)" (0.145)" (0.146)" (0.272) (0.270) (0.272)
% tertiary edu. 0.180 0.237 0.262 1.996 1.836 2.035
(0.183) (0.185) (0.184) (0.311§" (0.302§” (0.314§”
no. of adults 0.047 0.085 0.053 -0.018 -0.026 -0.021
(0.031) (0.031§” (0.031) (0.049) (0.049) (0.049)
Wealth
In(cultivated land) 0.065 0.022 0.049 -0.013 0.001 -0.017
(0.026 (0.026) (0.026) (0.042) (0.042) (0.042)
index of agricultural assets 0.087 0.043 0.074 -0.628 -0.617 -0.640
(0.086) (0.086) (0.087) (0.187)" (0.187y" (0.187y"
hh small business 0.064 -0.008 0.063 0.003 0.014 0.004
(0.051) (0.052) (0.052) (0.081) (0.081) (0.081)

Access to off-farm labour market
% local non-agricultural -0.054 0.111 -0.017 -0.285  -0.368 -0.259
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employment within hh (0.129) (0.127) (0.129) (0.B83 (0.386) (0.383)
% village out-migration 2.453 1.994 2.178 -0.091 0.145 -0.060
(0.305)" (0.310§” (0.315)" (0.566) (0.576) (0.609)
Social protection
% hh members having health 1.500 1.572 -0.451 -0.439
insurance (0.075§" (0.075§" (0.168§" (0.168§"
% hh members having -0.641 -0.040
commercial insur. (0.241§" (0.798)
% hh members having -0.313 0.119
government free insur. (0.302) (0.639)
% hh members having 1.515 -0.542
cooperative insur. (0.075y" (0.206)"
Local development
urbanisation 0.800 1.427 0.009 -0.002
(0.210)” (0.203§” (0.372) (0.367)
economic activity -0.011 -0.023
(0.0112) (0.023)
access to markets 0.026 0.001
(0.008§" (0.014)
social service 0.054 0.019
(0.013§” (0.038)
Log-likelihood -4413.743 -4435.291 -4405.084 -AAN3, -4435.291 -4405.084

Note: *** ** and * denote 1%, 5% and 10% signifivee levels. Standard errors are in parentheses.
Source: Authors’ calculation based on CHNS data.
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Table 4 Multinomial transition model with unobserved heterogeneity (by livelihood strategies)

Independent variables Sfransition 2% transition &' transition
Initial State: Non-poverty Poverty
Poverty
Livelihood Strategy Agriculture Out-migration Agriculture Out-migration
Panel A: baseline alternative at the % transition is ‘non-poor’
In(d) 0.399 (0.141Yy -0.107 (0.259) 0.047 (0.283) -1.349 (0.375) -2.378 (0.432
hh size -0.065 (0.030)  -0.133(0.107) -0.152 (0.118) -0.189 (0.100) -0.243 (0.128)

age of hh head

% primary edu.

% secondary edu.

% tertiary edu.

In(cultivated land)

index of agricultural assets

% local non-agricultural employment in hh
% village out-migration

% hh members having health insurance
urbanisation

Log-likelihood

-0.022 (0.003)
-0.570 (0.18%)
-0.494 (0.199)
0.481 (0.268)
0.179 (0.047)
-0.397 (0.136)
1.063B®L)"
-2.157 (0.770)

0.724 (0.354)
-5285.704

0.026 (0.014)
1.333 (1.292)
0.711 (1.186)
3.804 (1.537)
-0.414 (0.188)
0.648 (0.447)
-0.234 (0.688)
2.562 (1.913)

-0.122 (0.145) -0.279 (0.442)

4.022 (1.255)

0.019 (0.015)
1.613 (1.331)
1.033 (1.227)

3.935 (1.596)

-0.438 (0.200)
0.547 (0.487)
1.011 (0.774)
0.042 (2.079)
-0.377 (0.482)

3.102 (1.331)

-0.006 (0.009)
-0.166 (0.618)
0.052 (0.575)

6.216 (1.536)

-0.026 (0.140)
0.114 (0.467)
-1.721 (0.714)
-2.931 (2.052)
-0.249 (0.359)

-2.506 (1.329)

-0.025 (0.012)
-1.02838)
-0.88382)

6.227 (1.587y
-0.764 (0.186)
-0.78896)
-0.616 (0.827)
-0.62273)
0.0m879)
-2.171 (1.405)
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1% transition

29 transition

8 transition

Initial State:
Non-Poverty

Poverty

Non-Poverty

Livelihood Strategy

Agriculture

Out-migration

Agriculture

Out-migration

Panel B: baseline alternative at the °i transition is ‘poor’

In(d)

hh size
age of hh head
% primary edu.

% secondary edu.

% tertiary edu.
In(cultivated land)

index of agricultural assets

% local non-agricultural employment in hh

% village out-migration
% hh members having health insurance

urbanisation
Log-likelihood

0.102 (0.279)
-0.283 (0.061)
-0.005 (0.006)
-0.671 (0.309)
-1.335 (0.388)
-0.793 (0.539)
-0.098 (0.080)
0.458 (0.211)
0.365421)
5.612 (1.227)
1.867 (0.216)
-3.995 (0.738)
-1679.891

0.299 (0.368)
-0.172 (0.160)
0.005 (0.016)
1.144 (0.949)
-0.131 (1.155)
2.632 (1.291)
-0.599 (0.282)
0.508 (0.912)
1.909 (1.596)
7.984 (3.807)
0.331 (0.609)
1.843 (1.651)

0.943 (0.520)
-0.139 (0.163)
0.01116)
0.736 (1.042)
-0.186 (1.149)
1.285 (1.278)
-0.976 (0.377)
0.825 (0.873)
1.735 (1.708)
2.288 (3.334)
0.604 (0.593)
0.777 (1.719)

2.457 (0.509y
0.011 (0.112)
0.001 (0.009)
-0.921 (0.691)
-1.409 (0.709)
-4.673 (1.2456)
-0.023 (0.141)
-0.705 (0.486)
-0.215 (1.332)
-2.141 (1.777)
2.595 (0.591)
-7.383 (1.557)

-0.286 (0.686)
-0.42195)
-0.029 (0.015)
-1.08355)
-D.01.235)
-3.389 (1.647)
-0.398 (0.262)
-1.(0L867)
639.(2.103)
4.621 (2.537)
6.024 (1.434y
-8.569 (2.704)

Note: *** ** gnd * denote 1%, 5% and 10% signifivee levels. Standard errors are in parentheses.
Source: Authors’ calculation based on CHNS data.
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Table 5 Multinomial transition model with unobserved heterogeneity

(by social protection)

Independent variables *'fransition 2 transition & transition
Initial State: Non-Poverty Poverty
Poverty

Social Protection Health insurance

Health insurance

Panel A: baseline alternative at the % transition is ‘non-poor’
In(d) 0.399 (0.141) -1.163 (0.372
hh size -0.065 (0.030) -0.026 (0.125)
age of hh head -0.022 (0.003) -0.142 (0.020y
% primary edu. -0.570 (0.184) -6.895 (1.119)
% secondary edu. -0.494 (0.189) -5.608 (1.059)
% tertiary edu. 0.481 (0.268) -2.606 (1.106)
In(cultivated land) 0.179 (0.042) -0.219 (0.156)
index of agricultural assets  -0.397 (0.136) -1.715 (0.714)
% local non-ag. emp. in hh  1.063 (0.334) 2.194 (1.114)
% village out-migration -2.157 (0.770) 7.354 (2.218)
% hh members having -0.122 (0.145) 18.688 (2.338)
health insurance

-0.930 (0.188)
-0.099 (0.066)
-0.036 (0.006)
-1.141 (0.454)
-0.525 (0.396)
1.901 (0.503)
-0.175 (0.085)
-0.020 (0.290)
1.145 (0.429)
-2.777 (1.017y
1.215 (0.244)

urbanisation 0.724 (0.354) -2.944 (1.399) 0.998 (0.623)
Log-likelihood -3095.580
1¥' transition 2° transition 3 transition
Initial State: Poverty Non-Poverty

Non-Poverty

Social Protection Health insurance

Health insurance

Panel B: baseline alternative at the *Ltransition is ‘poor’

In(d) 0.102 (0.279) -0.551 (0.359)
hh size -0.283 (0.067) -0.004 (0.132)
age of hh head -0.005 (0.006) -0.068 (0.018)
% primary edu. -0.671 (0.309) -3.776 (1.152)
% secondary edu. -1.335 (0.388) -3.935 (1.212)
% tertiary edu. -0.793 (0.539) 0.859 (1.127)
In(cultivated land) -0.098 (0.080) -0.315 (0.176)
index of agricultural assets  0.458 (0.211) -1.68879)

% local non-ag. emp. in hh  0.364 (0.644) -1.8034@)

% village out-migration 5.612 (1.222) -2.011 (2.626)

% hh members having 1.867 (0.216) 4.164 (0.962)
health insurance
urbanisation
Log-likelihood

-3.995 (0.738)
1134.195

-3.303 (1.565)

0.941 (0.236)

-0.137 (0.101)
-0.035 (0.008)’
-0.947 (0.585)
-0.849 (0.545)
-1.6B638)
-0.155 (0.130)

0.088 (0.404)

1.716 (0.606)

-1.039 (1.433)
1.506 (0.335)

-1.940 (1.023)

Note: ***, ** and * denote 1%, 5% and 10% signifivee levels. Standard errors are in parentheses.

Source: Authors’ calculation based on CHNS data.
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Appendix Table A.1 List of Variables

Variable Definition Mean S.D.
hh per capita consumption Household per capitawopson in 2009 prices 1839.50 1767.81
hh size No. of household members interviewed, thinly those living in the household full-time andremtly living elsewhere (due 4.11 1.51
to studying, migration, etc.) but still registeringth the household.
age of hh head Age (in years) of household head 49.45 12.54
% primary edu. % of household members having pgireducation 0.33 0.27
% secondary edu. % of household members havinghdacpeducation 0.33 0.27
% tertiary edu. % of household members havingaerééducation 0.16 0.22
no. of adults No. of household members aging betvideand 60 2.24 1.19
In(cultivated land) Log mu of cultivated land owned by the householdr(d=667nt) 0.20 1.26
index of agricultural assets The index of agria@twssets owned by the household, which is coctstilby principle component analysis 0.17 0.33
small hh business Categorical variables indicatiegtypes of small business run by the househodd: o small business; 1 as commerce, 0.17 0.53
service and peddler; 2 as manufacturing and cazigiru
% local non-agricultural employment in hh % houddhmembers doing local non-agricultural jobs andexntly living in the household 0.08 0.18
% village out-migration % of sample villagers cunttg working and living outside of the village bstill registering with their families in the villag  0.08 0.10
% hh members having health insur. % household mesizing any form of health insurance 0.26 0.37
% hh members having commercial insur. % househelahipers having commercial health insurance 0.01 0.09
% hh members having gov. free insur. % householtbees having government free health insurance 0.02 0.09
% hh members having cooperative insur. % househeltibers participating in Newly Cooperative Medigaheme 0.15 0.31
urbanisatioh Index indicating the degree of urbanisation ofvtiege where the household locates. 0.45 0.16
economic activity Index reflecting typical daily wage for ordinaryate worker (reported by community official) and gent of the population  3.28 2.61
engaged in non-agricultural work.
access to markeéts Index reflecting the distance to the market anchimer of days of operation for eight different typésnarket. 3.76 3.46
social servick Index reflecting provision of preschool for chigtrunder 3 years old, availability of (offered amamunity) commercial 1.10 1.76
medical insurance, free medical insurance, and&urance for women and children.
purchasing price change of farm product % change (at the provincial level) of price at whiarm households selling their agricultural praduc 0.04 0.11
prov. % cultivated land in natural disasfers % cultivated land affected by natural disasterfiwithe sample province 0.17 0.07

Note: 1. The index is constructed by Jones-SmithRopkin (2010) and complied into the CHNS datséheyCHNS team.
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2. Authors’ calculations based on the data frorm@lidata Centre at the University of Michigan.

3. Authors’ calculations based on the data of @édisasters from Sixty Years of New China Agriatétl Statistics (published by the Ministry of Agriture in 2009) and the data of provincial cultat

land from various issues of China Statistical Yeaks (published annually by the National Burea&tatistics of China).

Appendix Table A.2: Correlates of poverty transitian (without heterogeneity)

Independent variable Exit Re-entry
1) (2) 3) 4) ) (6) (M (8)
Duration dependence
In(d) -0.207 -0.271 -1.353 -1.493
(0.050§" (0.053§" (0.112)" (0.130§”
P1 -0.311 -0.730
(0.065§" (0.117§"
P2 -0.293 -3.796
(0.092§" (0.583§”
P3 -0.110 -2.613
(0.149) (0.460§"
D1 -0.242 -0.556
(0.074§" (0.128§"
D2 -0.434 -1.104
(0.094§" (0.189§"
D3 -0.417 -3.638
(0.117§" (0.712§”
D4 -0.129 -4.090
(0.127) (1.004§"
D5 -0.372 -2.415
(0.185§ (0.509§"
D6 0.537 -3.234
(0.241§ (1.009§"
Household characteristics
hh size -0.033 0.004 -0.029 -0.029 0.068 0.024 0.06  0.062



age of hh head

(age of hh head)

% primary edu.

% secondary edu.

% tertiary edu.

gender of hh head (male=1)
no. of adults

no. of the elderly

hh head’s occup.: farmer
hh head'’s occup.: unskilled
labour

Wealth

In(cultivated land)

index of agricultural assets

hh small business

(0.038)
0.031
(0.019)
-0.0001
(0.0002)
0.434
(0.149§"
0.558
(0.154§"
0.352
(0.225)
0.050
(0.078)
0.012
(0.049)
-0.017
(0.055)
0.051
(0.083)
-0.382
(0.138§"

0.031
(0.029)
0.083
(0.091)
0.014
(0.057)

(0.044)
0.040
(0.024)
-0.0003
(0.0002)
0.178
(0.165)
0.307
(0.173)
-0.036
(0.251)
0.146
(0.089)
0.027
(0.055)
-0.093
(0.063)
0.039
(0.091)
-0.048
(0.169)

-0.025
(0.036)
0.123
(0.100)
-0.055
(0.066)

(0.038)
0.029
(0.019)
-0.0001
(0.0002)
0.437
(0.149§"
0.561
(0.154§"
0.331
(0.226)
0.044
(0.079)
0.011
(0.049)
-0.023
(0.055)
0.046
(0.083)
-0.374
(0.138§"

0.040
(0.029)
0.074
(0.091)
0.016
(0.057)
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(0.038)
0.028
(0.019)
-0.0001
(0.0002)
0.424
(0.149§"
0.552
(0.154§"
0.304
(0.227)
0.043
(0.079)
0.014
(0.049)
-0.025
(0.056)
0.046
(0.084)
-0.381
(0.138§"

0.040
(0.029)
0.068
(0.091)
0.019
(0.057)

(0.059)
-0.023
(0.027)
0.0003
(0.0003)
0.061
(0.270)
0.176
(0.288)
1.773
(0.386§"
-0.007
(0.156)
-0.064
(0.073)
-0.075
(0.081)
-0.028
(0.186)
0.073
(0.288)

0.057
(0.045)
-0.560
(0.191)
0.009
(0.090)

(0.103)
-0.056
(0.035)
0.0006
(0.0003)
-0.231
(0.387)
-0.201
(0.410)
2.131
(0.500§"
-0.149
(0.199)
0.041
(0.122)
-0.070
(0.124)
0.026
(0.215)
-0.329
(0.428)

-0.0001
(0.076)
-0.515
(0.277)
-0.086
(0.127)

069)
-0.017
(0.027)
0.0002
(0.0003)
0.045
(0.271)
0.194
(0.288)
1.820
(0.382§"
0.036
(0.156)
-0.070
(0.073)
-0.071
(0.080)
-0.040
(0.186)
0.050
(0.290)

0.026
(0.046)
-0.552
(0.191¥
0.016
(0.090)

(0.059)
-0.018
(0.027)
0.0002
(0.0003)
0.079
(0.272)
0.211
(0.289)
1.814
(0.386§"
0.041
(0.157)
-0.066
(0.073)
-0.072
(0.081)
-0.039
(0.186)
0.016
(0.290)

0.025
(0.046)
-0.534
(0.191§"
0.019
(0.090)



Access to off-farm labour market

% local off-farm within hh 0.246 -0.093 0.238 0.270 -0.188 0.419 -0.166 -0.128
(0.204) (0.245) (0.204) (0.204) (0.554) (0.652) (0.556) (0.554)

% village out-migration 2.198 0.634 2.138 2.195 -0.332 -0.070 -0.293 -0.197
(0.334§" (0.401) (0.335§" (0.336)"  (0.641) (0.829) (0.640) (0.639)

Social protection

% hh members having health 1.526 1.153 1.516 1.505 -0.492 -0.555 -0.518 -0.490

insurance (0.076§" (0.092§" (0.076§" (0.076)"  (0.189" (0.260§" (0.189§” (0.189§"

Local development

urbanisation 0.752 0.014 0.773 0.780 0.065 -0.260 0.015 0.057
(0.235§" (0.270) (0.236§" (0.236)"  (0.440) (0.603) (0.440) (0.439)

Aggregate shocks

price ratio of small farm tool -3.587 1.796

over machinery farm input (0.666§" (1.456)

% change of purchasing price of 9.268 -0.179

farm product (0.496§" (0.946)

prov. % cultivated land in -1.403 0.588

natural disasters (0.423§" (1.074)

Geographic location

living in western prov. (yes=1) 0.166 0.050

(0.073§ (0.175)
Log-likelihood -2481.033 -1750.783 -2476.615 24638 -1004.425 -548.038 -991.525 -987.237

Note: ***, ** and * denote 1%, 5% and 10% signifivee levels. Standard errors are in parentheses.
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Appendix Table A.3: Correlates of poverty transition (with heterogeneity)

Independent variable Exit Re-entry
Normality Gamma (2) NPML NPML Normality Gamma (6) NPML NPML
(1) (3) (4) (5) (7) (8)
Duration dependence
D1 -0.270 -0.270 -0.270 -0.154 -0.487 -0.487 -0.487 -0.391
(0.065)" (0.065)" (0.065)" (0.073y (0.112§" (0.112)" (0.112§" (0.116)”
D2 -0.433 -0.433 -0.433 -0.320 -1.049 -1.049 -1.049 -0.945
(0.084§" (0.084)” (0.084)” (0.090)” (0.169)” (0.169)” (0.169)” (0.171)"
D3 -0.479 -0.479 -0.479 -0.367 -2.930 -2.930 -2.930 -2.831
(0.105§" (0.105)" (0.105)” (0.110)” (0.452)” (0.452)” (0.452)” (0.453)”
D4 -0.133 -0.133 -0.133 -0.033 -3.667 -3.667 -3.668 -3.568
(0.110) (0.110) (0.110) (0.115) (0.712)” (0.711)" (0.711)" (0.712)”
D5 -0.205 -0.205 -0.205 -0.108 -2.686 -2.686 -2.686 -2.581
(0.157) (0.157) (0.157) (0.160) (0.507y" (0.507)” (0.507)” (0.508)"
D6 0.756 0.756 0.756 0.839 -3.557 -3.557 -3.557 -3.418
(0.201” (0.201)” (0.201)” (0.204)” (1.006)” (1.006)” (1.006)” (1.007)"
Household characteristics
hh size -0.041 -0.041 -0.041 -0.043 0.027 0.027 0.027 0.030
(0.023) (0.023) (0.023) (0.024) (0.038) (0.038) (0.038) (0.040)
age of hh head 0.019 0.019 0.019 0.021 0.001 0.001 0.001 0.001
(0.002§" (0.003)” (0.002)” (0.003)” (0.004) (0.004) (0.004) (0.004)
% primary edu. 0.420 0.420 0.420 0.442 0.172 0.172 0.172 0.171
(0.137y" (0.137)” (0.137)” (0.145)” (0.248) (0.248) (0.248) (0.261)
% secondary edu. 0.530 0.530 0.530 0.588 0.223 0.223 0.223 0.256
(0.139)” (0.139)” (0.139)” (0.146)" (0.259) (0.259) (0.259) (0.272)
% tertiary edu. 0.103 0.103 0.103 0.180 1.931 1.931 1.931 1.996

(0.173) (0.173) (0.173) (0.183) (0.298)” (0.298)” (0.298)” (0.311)”
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no. of adults 0.042 0.042 0.042 0.047 -0.026 -0.026 -0.026 -0.018

(0.030) (0.030) (0.030) (0.031) (0.047) (0.047) (0.047) (0.049)

Wealth

In(cultivated land) 0.063 0.063 0.063 0.065 0.003 0.003 0.003 -0.013
(0.024§" (0.024§" (0.024§" (0.026 (0.040) (0.040) (0.040) (0.042)

index of agricultural assets 0.073 0.072 0.073 0.087 -0.593 -0.593 -0.593 -0.628
(0.083) (0.083) (0.083) (0.086) (0.177)" (0.177)" (0.177)" (0.187§"

hh small business 0.055 0.055 0.055 0.064 -0.008 -0.008 -0.008 0.003
(0.049) (0.049) (0.049) (0.051) (0.079) (0.079) (0.079) (0.081)

Access to off-farm labour market

% local off-farm in hh -0.030 -0.030 -0.030 -0.054 -0.168 -0.168 -0.168 -0.285
(0.124) (0.124) (0.124) (0.129) (0.354) (0.354) (0.354) (0.383)

% village out-migration 2.322 2.322 2.323 2.453 -0.236 -0.236 -0.237 -0.091
(0.293§” (0.293§" (0.293§” (0.305§" (0.547) (0.547) (0.547) (0.566)

Social protection

% hh members having health ~ 1.399 1.399 1.399 1.500 -0.384 -0.384 -0.384 -0.451

insurance (0.067§" (0.067§" (0.067§" (0.075§" (0.158§ (0.158§ (0.158§ (0.168§"

Local development

urbanisation 0.749 0.749 0.749 0.800 0.068 0.068 0.068 0.009
(0.198§” (0.199§" (0.198§” (0.210§" (0.358) (0.358) (0.358) (0.372)

Log-likelihood -3213.035  -3213.035  -3213.035  -4443  -1220.711  1210.711 1210.711 -4413.743

LR testof p = 62/(1+02) =0 5.5e-04 -0.0002 4.4e-04 -0.0003

(p-value) (0.491) (0.500) (0.492) (0.500)

Note: 1. The first three columns for exit and rérgmegressions assume uncorrelated unobservetbgeteeity across poverty and non-poverty spellg fast column for
two kinds of regressions allows for correlated wsestied heterogeneity.
2. The squared age of household head is droppedl icolumns due to the failure of convergence &éllhood functions. Excluding this variable may not
fundamentally change our results, as it is statifli insignificant and has small magnitude in Easl
3. *** ** and * denote 1%, 5% and 10% significanksels. Standard errors are in parentheses.
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Appendix Table A.4: Estimated latent classes

Class 1 Class 2

Livelihood strategies
Panel A: baseline alternative at thtdansition is ‘non-poor’

1% transition: poor -4.5e-05 5.5e-05
2" transition: farming -6.359 7.828
2" transition: out-migration -6.624 8.154
3" transition: farming -2.587 3.184
3" transition: out-migration -2.800 3.447
Probability 0.552 0.448
Panel B: baseline alternative at tiigtransition is ‘poor’

1% transition: non-poor -1.4e-06 5.4e-06
2" transition: farming -3.306 12.482
2" transition: out-migration -3.341 12.615
3" transition: farming -1.039 3.924
3" transition: out-migration -1.544 5.832
Probability 0.791 0.209

Social protection
Panel A: baseline alternative at thtdansition is ‘non-poor’

1% transition: poor 4.3e-05 -3.8e-05
2" transition:; health insurance -9.728 8.589
3" transition: health insurance 0.001 -0.001
Probability 0.469 0.531
Panel B: baseline alternative at tii&transition is ‘non-poor’
1% transition: non-poor -8.9e-07 5.1e-06
2" transition:; health insurance -0.855 4,947
3" transition: health insurance -0.0001 0.001
Probability 0.853 0.147

Source: Authors’ calculation based on CHNS data.
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