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Abstract
How important are neighborhood endowments of physical and human capital in explaining
diverging fortunes over timefor otherwiseidenti cal householdsin adeveoping rura economy?
To answer this question we devel op an estimable micro model of consumption growth allowing
for constraints on factor mobility and externalities whereby geographic cagpital caninfluencethe
productivity of ahousehold’ sown capital. Our staistical test has considerable power in detecting
geographic effects given that we control for latent heterogeneity in measured consumption
growth rates at micro level. We find robust evidence of geographic poverty trgps in farm-
household panel data from post-reform rural China. Our results strengthen the equity and

efficiency case for public i nvestment in lagging poor areas in this setting.



1 I ntroduction

Persistently poor areas have been a concern in many countries, includng those
undergoing sustained aggregate economic growth. A casual observer traveling widely around
present day Chinawill be struck by the disparitiesin levels of living, and signs that the robust
growth of relatively well off coastal areas has not been shared by poor areas inland, such asin
the southwest. Chinais not unusual; most countries have geographic concentrations of poverty;
other examplesaretheeasternisandsof Indonesi a, northeastern India, northwestern Bangladesh,
northern Nigeria, southeast Mexico and northeast Brazil.

Why do we see areaswith persistently low living standards, evenin growing economies?
One view isthat they arise from persistent spatial concentrations of individuals with personal
attributeswhich inhibit gronthin their living standards. Thisview doesnot ascribeacausal role
to geography per se; otherwise identical individuds will (by this view) have the same growth
prospects independently of where they live.

Alternatively one might argue that geography has a causal role in determining how
household welfare evolves over time. By this view, geographic externalities arising from local
public goods, or local endowments of private goods, entail that living in awell endowed area
meansthat apoor household can eventual ly escgoe poverty. Y et an otherwiseidentical househad d
living in a poor area sees stagnation or decline. If thisis so, then it is important for policy to
understand what geographic factors matter to growth prospectsat the micro level.

Thispaper testsfor the existence of “geographic poverty traps’, such that characteristics
of a household's area of residence it's “geographic capital” entail that the household's
consumption cannot rise over time, while an otherwise identical household living in a better
endowed areaenjoysarising standard of living. The paper alsotriestoidentify thefactorswhich

may lead to the emergence of such poverty traps. If borne out by empirical evidence, geographic
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poverty trgos suggest both ficiency and equity argumentsfor investing in poor areas, such as
by developing local infrastructure or by assisting labor export to better endowed areas.

The setting for our empirical work is post-reform rural China. In thissetting we can rule
out potential endogeneity while testing for geographic effects because there was little or no
geographic mobility of labor at the time. Governmental restrictions on migration within China
are part of the reason.? But there are other constraints on mobility. It isknown that househol d-
level tiestothevillage associated with traditional social security arrangementsin underdevd oped
rural economies can be a strong disincentive against migration (Das Gupta, 1987). Thin land
markets compound the difficulties. For these reasons, it is unusual for an entire household to
move from onerural areato another; the limited migration that is observed appearsto be manly
the temporary export of labor surpluses, primarily to urban areas. Capital is probably more
mobile than labor in China, although (agan in common with othe developing economies)
borrowing constraints appear to be pervasive, and financial markets are poorly devel oped.

One should not be surprised to find geographic differences in living standards in this
setting.® Restrictions on labor mobility are one reason. But geography could also have a degper
causal roleinthe dynamics of poverty inthissetting. 1f geographic externalities alter returnsto
private investment, and borrowing constraints limit capital mobility, then poor areas can self
perpetuate. Evenwith diminishing returnsto privae capital, poor areaswill seelow growthrates,

and possibly contraction.

2 There are various administrative and other restrictions on migration, including registration
and residency requirements. For example, it appears to be rare for arural worker who movestoan
urban areato be alowed to enrol his or her children in the urban schools.

% For evidence on Chinas regional disparities see Leading Group (1988), Lyons (1991), Tsui
(1991), World Bank (1992, 1997), Knight and Song (1993), Rozelle (1994), Howes and Hussain
(1994) and Ravallion and Jalan (1996). On implications for policy, in the light of the results of
the present paper, see Ravallion and Jalan (1999).
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However, testing for geographic poverty traps poses a number of problems. Using
aggregate geographic data, we can test for divergence, whereby initially poorer aeas grow at
lower rates. But thisisneither necessary nor sufficient for the existence of ageographicpoverty
trap. Divergence may reflect either increasng returns to individual wealth, or geographic
externalities, whereby living in apoor arealowersreturnsto individual investments. Aggregae
geographic data cannot distinguish between the two causes.

Alternatively, cross-sectiond micro data might be used to test for geographic effects on
living standards at one point intime.* Such data can at best provide a snapshot of ahousehold's
welfare. One cannot say with statistical conviction that the dbserved geographic effects are not
in fact proxies for some unobserved household specific effects.

Both household panel data and geographic dataare clearly calledfor to have any hope of
identifying geographic externalities in the growth process.

Armedwith such dataonemight turnto the dandard panel daamodel with time-invariant
household fixed effects® Allowing for latent household heterogeneity will protect aganst
spuriousgeographic dfectsthat ari se sol el y because geographic variables proxy for omitted non-

geographic, but spatially autocorrel ated, househol d characteristics.® However, standard panel -data

* See, for example, Borjas (1995) on neighborhood effects on schooling and wages in the
U.S. and Ravallion and Wodon (1999) on geographic effects on thelevel of poverty in Bangadesh.

® |slam (1995) also proposes apanel data approach to growth empirics rather than using
cross-sectional “Barro regressions’. Like us, Idam is concerned about correlated latent heterogeneity
leading to spurious observed effects. However, hismethod (while attractive for aggregate growth
empirics) will not be able to identify the impact of the time-invariant effects which are intrinsic to our
problem.

® For example, we might find that theaverage wealth of an areais positively correlated with
growth ratesat householdlevel, contrdling for wedth. But thismay be because some household
attribute relevant to growth, and positively correlated with average wealth, has been omitted. Better
own educationmay yield higher growth rates, be correlated with wealth, and be spatially
autocorrelated. Then average wealth in thearea of residence could just be proxying for individual
education.



techniques like first-differencing the data to eliminate the correlated unobserved household
specific effects wipe out any hope of identifying impacts of the time-invariant geographic
variables of interest, of which there are likely to bemany.” In that case, the cure to the problem
of latent heterogeneity leaves an econometric model which is unable to answer many of the
guestionswe started out with. Nor, for that matter, isit obviously plausiblethat the heterogeneity
in individual effects on growth rates would infact be time invariant; common macroeconomic
and geo-climatic conditions might well entail that the individual effects vary from year to year.

We propose an estimable micro model of consumption growth which can identify
underlying (including time-invariant) geographic effects while at the same time allowing for
latent heterogeneity in household-levd growth rates. Our empirical work is motivated by an
adaptation of the Ramsey (1928) model of optimal consumption growth to alow geographic
effectson the marginal product of own capita inthepresence of constrai nts on capital mobility.
Our econometricmodel useslongitudinal observationsof growthratesat themicrolevel collated
with other micro and geographic data. Following Holtz-Eakin, Newey and Rosen (1988), our
panel data model allows for individual effects with nonstationary impacts. The standard fixed
effects model is encompassed as a testable restricted form. If it is rejected in favor of
nonstationary effectsthen weare ableto identify impactsof time-invariant geographic capital on
consumption growth at micro level while still allowing for latent heterogeneity in measured
growth rates. We implement the approach using farm-household panel data for rural areas of
southern China over 1985-90.

The following section outlines our theoretical modd of consumption growth, while

" Area characteristics may be timeinvariant because some variables like land quality,do not
change from one year to next. Alternatively, variables like population dengty are typically only
available from population censuses which are done infrequently, and so such variables must also be
treated as time-invariart.



section 3 givesthe econometric model. Section 4 describes our datawhile section 5 presents our

results. Section 6 ummarizes our condusions.

2 Theoretical model

Our empirical work ismotivated by extending the classic Ramsey model of intertemporal
consumer equilibriumtoinclude production by afarm-househol d facing geographic externalities
initsproduction process. We hypothesi zethat output of thefarm household isaconcavefunction
of various privately-provided inputs, but that output also depends postively and non-separably
on the level of geographic capital, as described by characteristics of the area of residence® We
do not assume perfect capital mobility. In competitive equilibrium, this would entail that
marginal products of private capital (net of depreciation raes) are equalized across all fam-
households at a common rate of interest. Then (under the other assumptions of the standard
Ramsey model) differences in endowments of geographic capital will not entail dfferencesin
consumption growth rates, even if the geographic differences alter the marginal product of
private capital. Levels of private capital will adjust to restore equilibrium. To assume perfect
capital mobility would thus preclude what is arguably the main source of thegeographic poverty
traps that we hope to test for. Although limited financial transactions exist, perfect capital
mobility is also implausible in this setti ng.®

It is known that with binding borrowing constraints, the standard closed-economy

Ramsey model will behave very much like an open economy model (Barro, Mankiw and Sala-i-

8 Analogously to the role of firm-specific knowledge and external (economy-wide)
knowledgein the Romer (1986) model.

® Or possibly any other, given that it implies an infinite speed of corvergence to steady state
(Barro et al., 1995).



Martin. 1995).%° This assumes that the farm household can put up some of its capital stock as
collateral, and that its debt cannot exceed that collateral. So limited financial transactions can
be allowed while permitting the possibility of poverty traps arising from the adverse effects of
poor geographic capital on returnsto private investment.

We make the standard assumption that the household maximizes an inter-temporally
additive utility integral:

oo

1 1-0 , -pt
{ - C)' e (1)

where ¢ istheintertemporal elasticity of substitution, C isconsumption, and isthe subjective

rate of time preference. The household operates a farm which produces output by combining
labor and own capital (which can be interpreted as a composite of land, physical capital and
human capital) under constant returnsto scale. Thereare constraintson accessto credit, with the
effect that capital isnot perfectly mobile between farm-households Thus diminishing returnsto
private capital set in at the farm-household level. The household’ sfarm output also depends on
avector of geographic variables, G, reflecting external effectson own-production. Output per
worker or person is F(K, G) where K denotes capital per worker. Output can be consumed,
invested (including offsetsfor depreciation), or usedto repay debt. The derivation of the optimal
rate of consumption growth then follows from standard methods for dynamic optimization (as
outlined in an Addendum available from the authors). It can be shown that the optimal rate of

consumption growth satisfies the Euler equation:

10 Barro et ., (1995) show that the open-economy model with borrowing constraints
generates a higher speed of convergence to the steady state than does the closed economy model, and
they argue the higher rate is more consistent with the results of cross-country growth regressions.
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g() = dnC(1) = [F((K,G) - p - 8]/o )

where istherate of depreciation plus labor augmenting technical progress.

The key feature of this equation for our purpose is that geographic externalities can
influence consumption growth rates at the farm-household level, through effects on themarginal
product of own capital. The model permits values of G such that the optimal consumption
growthrateisnegative; given G, output gainsfrom individually optimal investmentsmay not be
sufficient to cover + and so consumption falls.

Thereare other waysinwhich geographi ceffects on consumption growthmight arise, not
captured by the above model. For example, we could also allow geographic variables to
influence utility at agivenlevel of consumption, by making the substitution parameter and the
discount rate functions of G. While our empirical model will allow us to test for geographic
effects on consumption growth at the micro level it will not dlow us to identify the precise

mechanism linking area characteristics to growth.

3 Econometric model

The Euler equation in (2) motivates an empirical model in which the growth rate of
househol d consumption depends on both its own capital and on geographic capital. We assume
that dataare available for arandom sample of N households observed over T dates, where T is
at least three (for reasons that will soon be obvious). Let g, denote the expected value of the
growth path for i at t (g, is thus the value of g(t) in discrete time). Our empirical model

correspondingto equation (2) is:

g, = (@+Px, + Ez)/(1-7v) 3



wherex; isa( kx1) vector of time-varying explanatory (geographic and household) variables,
z isa( p x 1) vector of exogenous time-invariant explanatory (geographic and household)

variables. We embed (3) within a dynamic growth model:

AlnC, = YAInC,_, +(1-v)g,+€, (=12,.N; t=4,.T) (4)

where InC,, isthe measured growth-rate of consumption for householdi in time period t and
theerror term ,, istaken toincludeidiosyncratic effects on the marginal product of own capital
and therate of time preference, aswell as measurement errorsin the consumption growth rates.

Equation (4) suggests a number of possible sources of latent heterogeneityin
consumption growth rates. There are likely to be differences in own-capital endowments, and
other parameters of utility and production functions, which one cannot hope to fully capture in
the data available. Furthermore, it is possible that these unobserved variables will be correlated
with the geographic variables, leading to biasesin OLS estimates of the parametersof interest.
S0 in estimating equetion (4), we assume that the error term ,, includes a househol d-specific
fixed effect (which may aso include unobserved geographic effects) correlated with the
regressors as well as an i.i.d. random component which is orthogonal to the regressors and is
serialy uncorrelated.

The existence of economy-wide factors (including covariate shocks to agriculture)
suggeststhat the impact of the heterogendty need not be constant over time. For example, there
may be alatent effect such that some farmers are more productive, but thismattersmoreinabad
agricultural year than agood one. This could also hold for observed sources of heterogenei ty;
in particular, some or all of the z variables may well have time-vaying effects, so that
includes deviations from thetime mean impacts, ( ,- )z, in obvious notation. Thiswould also

entail a correlation between the latent household-specific effect and the regressors, as wdl as
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nonstationarity in the latent effects. However, the time varying parameters , are clearly not
identifiable; only time-mean impacts are recoverable.
To alow for nonstationarity in the impacts of the individual effects we follow Holtz-

Eakin et al., (1988) in decomposing the composite error term as.

€, = 0,0, + u, (5

2
u?

where u,, isthei.i.d. random variable, with mean 0 and variance 4, and ;isatime-invariant
effect (with mean 0 and variance ?) which is not orthogonal to the regressors. The following

assumptions are made about the error structure:

Ewx,) + 0, E(w;z) * 0, E(w,u,) = 0, E(x,u,) = 0, E(z;u,) = 0V i,t (6

it it Lt

Since the compositeerror term ,, in equation (4) isnot orthogonal tothe regressors, estimating
(4) by OLS will give inconsistent estimates. Serial independence of u,, is a strong assumption;
for example, measurement error in thelevels of consumption can generate first-order (negative)
seria correlationinu,,. However, while serial independence of u,, issufficient for our estimation
drategy, itisnot necessary; wewill perform diagnostic tests on the necessary condition (below).

In standard panel datamodels, the“nuisance” variable  iseliminated by estimating the
model infirst differences or by taking time-mean devidions (when thereisno lagged dependent
variables in the model)."* However, given the temporal pattern of the effect of ,on ¢, we

cannot usethesetransformationsto eliminaethefixed effed. Weuseinstead quasi-differencing

1 An aternative estimation method is the dynamic random effects estimator developed by
Bhargava and Sargan (1982). However, this method assumes that at least some of the time-varying
variables areuncorrelated with the unobsearved individual specific efect.
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techniques, following Holtz-Eakin et. a. (1988).** Lagging equation (4) by one period we ggt:

AinC, , = « + YAInC, , + Bx,; + &2, + 0,_ 0, + u,, (7)

Definer,= ,/ ,,. Multiplying equation (7) by r, and subtracting from equation (4) we get:

AlnC,=a(l-r)+ (y+r)AlnC,_, - yrAInC,_,
(8)

+ B(xit B rtxit—l) +E(1 _rt)zi tU Ty

Notice that even if we had started by assuming that the measured growth rate is the long-run
growth rate at that data ( =0), a dynamic specification would still be called for as long as the
latent effects are time varying.

For the purposes of this paper, an important advantage of the above approach over the
standard fixed effects specificationisthatthe coefficients( ) of thetime-invariant regressorsare
identified. Intuitively thisis achieved by relaxing the usud cross-equation restrictionsthat the
coefficients on the time-invariant variables must be constant over time. Thus our method
simultaneously allowsusto control for | atent heterogeneity and i dentify impactsof timeinvariant
factors. This genera specification can be tested against the restriction of the standard fixed-
effects model, namely that = for all t.®

In estimating equation (8) we must alow for the fact that one of theregressors, InC,,

,, Iscorrelated with the error term, u,, - 1, u,, ,, given equation (8) (although the error termis by

12 Also see Charrberlain (1984) and Ahn and Schmidt (1994) for alternaive quasi-
differencing transformations.

13 We recognize that standard chi-sguare asymptotic tests are not applicablein this case
where under the null hypothesis H,: r=1, the parameters associated with the constant and the time-
invariant variables are not identified. We follow a suggestion by Ende (1984) to test for the presence
of non-stationary fixed effectsin our data.
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construction orthogonal to x,, and z). One can estimate equation (8) by Generalized Method of
Moments(GMM) using differences of log consumptionslagged twice (or higher) asinstruments
for InC,.,. (The Appendix provides a more complete exposition of the estimation method.)
Theessential conditionto justify thischoice of instrumentsisthat the error termin(8) is second-
order serially independent. That isimplied by serial independence of u,,.**

To ensure that our estimation strategy is valid we perform three diagnostic tests. First,
we test whether latent individual specific effects are present in our data. We construct a
Hausman-type test where the null hypothesis that the GLS model is the correct one is tested
against the latent variable model. Second, we follow Arellano and Bond (1991) in constructing
an over-identification test to ensure that our instrumernts are consistent with the data and are
indeed exogenous. Thirdy, we perform the Arellano-Bond second-order serial correlation test,
given that the consistency of the GMM estimators for the quasi-differenced model depends on
the assumption that the composite error term in (8) is second-order serially independent, as
discussed above.”> Lack of second-order serial correlation and the non-rejection of the over-
identification test support our choice of instruments.

Note also that quasi-differencing the data to eliminate theunobserved household effects
will also remove any remaining | atent geographic effects provided the r,*s are the same for the

county and theindividual goecific effeds. However thisneed not bethe casein our data. Totest

14 There is some debate regarding the choice of the optimal moment conditions (and hence
instruments) to estimate dynamic panel data modds efficiently (Ahn and Schmidt, 1995; Blundell
and Bond, 1997). In this discussion, the primary concern iswith respect to the use of lagged level
instruments for equationsin levels especialy in cases where the estimated coefficient of the lagged
dependent variableis closeto unity. In our case, the estimablemodel isin differences. Further, the
coefficient estimate for the lagged difference dependent variable is different fromunity. Thus we use
twice lagged (or higher) differencedlog consumptions as instruments. In an earlier version, we had
estimated themodel usinglagged levels as instruments. The results were very similar.

!> Note that there is some first-order serial correlation introduced in the model due to the
guasi-differencing. This means that log consumptions lagged once are not valid instruments.
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againstthe presenceof remaining latent areaeffects, weregressed the estimated residualsagainst

a set of geographic dummies and tested their joint significance.

4 Data

The farm-household level data were obtained from China's Rural Household Survey
(RHS) done by the State Statistical Bureau (SSB). A panel of 5,600 farm households over the
six-year period 1985-90 was formed for four contiguous provinces in southern China, namely
Guangdong, Guangxi, Guizhou, and Y unnan. Thelatter three provincesform southwest China,
widely regarded as one of the poorest regionsin the country. Guangdong on the other hand isa
relatively prosperous coastal region (surrounding Hong Kong). In 1990, 37%, 42% and 34% of
the populations of Guangxi, Guizhou and Y unnan, respedively, fell below an absolute poverty
line which only 5% of the population of Guangdong could not afford (Chen and Ravallion,
1996). Also therura southwest appears to have shared little in China s national growth in the
1980s. For thefull sampleover 1985-90, consumption per persongrew at an averagerate of only
0.70% per annum; for Guangdong, however, the rate of growth was 3.32%. Between 1985 and
1990, 54% of the sampled households saw ther consumption per capita increase whilethe rest
experienced decline.

Thedataappear tobe of good quality. Since 1984 the RHS hasbeen awell-designed and
executed survey of arandom sample drawn from asampleframe spanning rural China(including
small-medium towns) and with unusual effort made to reduce non-sampling errors (Chen and
Ravallion, 1996). Sampled householdsfill in adaily diary on expenditures and are visited on
average every two weeks by an interviewer to check the diaries and collect other data. Thereis
also an elaborate system of cross-checking at the local level. The consumption datafrom such

anintensivesurvey processarea most certainly morereliablethan those obtai ned by the common
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cross-sectional surveys in which the consumption dataare based on recall at asingleinterview.
For the six year period 1985-90 the survey was also longitudinal, returning to the same
households over time. While thiswas done for administrative convenience (snce local SSB
offices were set up in each sampled county), the panel can till be formed.™

The consumption measureincludesimputed val uesfor consumption from own production
valued at local market prices, and imputed val ues of the consumption streamsfrom theinventory
of consumer durables (Chen and Ravallion, 1996). Poverty lines designed torepresent the cost
at eachyear and in each province of afixed standard of living were used asdeflators. Thesewere
based on a normative food bundle set by SSB, which assures that average nutritiona
requirements are met with a diet which is consistent with Chinese tastes; this is valued at
province-spedfic prices. The food component of the poverty line is augmented with an
allowancefor non-food goods, consi stent with the non-food spending of those househol dswhose
food spending is no more than adequate to afford the food component of the poverty line.”

The household data were collated with geographic data at three levels. the village, the
county, and the province. At village level, we have data ontopography (whether the village is
on plains, or in hills or mountains, and whether it isin a coastal area), urbanization (wheher it
isarural or suburban area), ethnicity (whether it isaminority group village), whether or not it
is a border area (three of the four provinces are at China's externa border), and whether the

villageisinarevolutionary base area (areaswherethe Communist Party had established itsbases

18 Constructing the panel from the annual RHS survey data proved to be more difficult than
expected since the identifiers could not be relied upon. Fortunately, virtually ideal matching
variables were available in the financial records, which gave both begnning and end of year
balances. The relatively few ties by these criteria coud easily be broken using demographic
(including age) data.

" For further details on the poverty lines see Chen and Ravallion (1996). Nate that our test
for omitted geographic effects can be interpreted as a test for mis-measurement in our deflators.
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prior to 1949). At the county level we have a much larger data base drawn from County
Administrative Records (from the county statistical year books for 1985-90, and from the 1982
Census.'®) Thesecover agriculture(irrigated area, fertilizer usage, agricultural machinery inuse),
population density, average education levels, rural non-farm enterprises, road density, health
indicators, and schooling indicators. At the provincelevel, we simply include dummy variables
for the province All nominal valuesare normalized to 1985 prices.

The survey data also allow us to measure a number of household characteristics. A
composite measure of household wealth can be constructed, comprising valuations of all fixed
productive assets, cash, deposits, housing, grain gock, and consumea durables. We a0
have data on agricultural inputs used, including landholding. To allow for differences in the
quality and quantity of family labor (gven that labor markets are thin in this setting) we let
education and demographics influence the marginal product of own capital; these may also
influence the rates of intertemporal substitution and/or time preference. We have data on the
size and demographic compositions of the households, and levels of schooling.

Table 1 gives descriptive statistics on the variables. The table aso gives an OLS
regression of log mean consumption per person on those variables. This can be thought of
as an estimate of the effects of these variables on the long-run level of consumption. The

results seem generally plausible.

5 Results

We begin with a simple specification in which the only explanatory variables areinitial

18 While the county administrative recordsand the county yearbookscover rural areas
separately, the census courty data doesnot distinguish between the rural and urben areas. However,
given that the objective of including the county characteristics is to proxy for theinitial level of
progress in aparticular county relativeto another, the aggregate county indicators should be reliable
indicators for the differences in socio-economic conditions across the counties.

16



wealth per capita, both at household and county levels. Thismodel istoo simpleto be believed,
but it will help as an expository device for understanding a richer model |ater.
51  Asimple expository model

Supposethat the only two variables that matter to the long run consumption growth rate
are initial household wealth per capita (HW) and mean wealth per capita in the county of

residence (CW). The long-run growth rate for householdi is then:

gHW,CW) = (& + E°InCW, + E"InHW)/(1 - Y)

Thisis embedded in the dynamic empirical model, as described in section 3.

Using lagged first differences of log consumption as instruments, the GMM estimate of
this model givesr, values of 0.601, 0.220, and 0.558 for 1988 to 1990 respectively. Using
standard errors which are robust to any cross-sectional heteroscedasticity that might be present
in the data, the corresponding t-ratios are 7.84, 8.40 and 6.63. The estimated equation for the

balanced growth rateis (t-ratios in parentheses, also based on robust standard errors):

g(HW,CW) = (- 0.278- 0.0221InHW + 0.0602InCW)/1.172 (10)
(6.02) (4.52) (7.27) (57.46)
This is interpretable as the estimate of equation (2) implied by this specification, where HW
isinterpreted as a measure of K and CW as a measure of G.

Thuswefind that consumption growth ratesat thefarm-household level areadecreasing
function of own wealth, and an increasing function of average wealth in the county of residence,
controlling for latent heterogeneity. We can interpret equation (10) in terms of the model in
section 2. Thetime preference rateand el asticity of substitution are not identified. Nonetheless,

given that the substitution parameter ispositive, we caninfer from (10) that themarginal product
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of own capital isdecreasingwith respect to own capital, but increasing with respect togeographic
capital. However, there are other possible interpretations; for example, credit might well be
attracted to richer areas, or discount rates might be lower.

Noticethat the sum of the coefficients on InCW and InHW in (10) is positive. Averaging
(20) over all households in a given county, we thus find aggregate divergence; counties with
higher initial wealth will tend to see higher average grownth rates. That isindeed what one finds
in aggregate county datafor thisregion of China(Ravallionand Jalan, 1996). Thisisdueentirely
to geographic externalities, rather than increasing returnsto own wealth at farm-householdlevd.
52  Aricher model

Whilethe above specification is useful for expository purposes, we now want to extend
themodel by adding aricher set of both geographic and household-level variables. Table1gives
the descriptive statistics of the explanatory variables to be used in the extended specification.

We first estimated a first order dynamic consumption growth model as indicated by
equation (4). However, the Wald statistic to test the significance of the coefficient associaed
with the lagged dependent variable ( ) had ap-value of 0.39. So we opted for the parsimonious
model wherethedynamicsareintroduced onlyviathequasi-differentiation. Anadvantageof this
Isthat we gain an extra period for the cross-section.

Table 2 reports our GMM estimates of the extended model. On testing the fixed &fects
model against amodel with no latent effects, stationary or non-stationary, a Hausmantest based
on the difference between the quasi-differenced model and the GLS model gave a y 2,=63.1

which is significant at the 5% level ® Again the conventiona fixed effects model is firmly

19 Given that the estimated equation (4) is static, we can construct a Hausman type test
because the parameter estimates ar e consistent under both the null and the a ternative hypothesis. In
our specification we can also simply tes the null hypothesis of #,= 0 for all t which is also rejected
by aWald test
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rejected in favor of the specification with time-varying coefficients.?® This also meansthat we
can estimate the impacts of the time-invariant geographic (and non-geographic) variables.

Our model alsoincludestime-varying householdvariables(Table 1). Thequestion arises
as to whether to trea these variables as exogenous or endogenous. The model where the
householdvariablesaretreated asexogenouswas summarily rejectedinfavor of themodel where
the time-varying househol dvariables are endogenous? Hence, Table 2 reports estimateswhere
the time-varying household variables are treated as endogenous. All the time-invariant
variables—county and household—are treated as exogenous?

The over-identification test, and the second-order serial corrdation test indicate that the
instrumentsused inthe GMM estimation arevalid. The over-identification test hasap-value of
0.9 and the second-order serial cormrelation test statistic has ap-value of 0.5. Furthermore, there
appear to be no remaining latent area effects in the resdual s of the estimated model. The F-test
statistic is Fyg; 5474 = 0.95 which is not significant.

Many of the geographic variables are significant. Living in a mountainous area lowers
thelong run rateof consumption growth, whilelivingontheplainsraisesit (“hills’ istheleft out
category). Natural conditions for agriculture tend to be better in the plains than mountains or

hills. Both of the geographic variables which relate to the extent of modernization in agriculture

2% The null hypothesis & (1-7,) = 0 for all tisrejected by aWald test with a p-value of
0.035 for the associated Chi-square gatistic.

L We estimated a model where the household variables were assumed to be exogenous (base
model). Next we estimated an aternative model where it wasassumed that the time-varying
household variables are endogenous, for which we used lagged values of the endogenous variables as
instruments. We then constructed likelihood ratio tests to test the base model against this model
(Hall, 1993; Ogaki, 1993).

22 Even though we include anumber of time-invariant househd d variables as regressors in
the model, the correlation matrix associated with these variables indicate the highest correlation to be
around 0.7, auggesting that multi-collinearity is not a serious problem inour sample and model.
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(farm machinery usage per capita and fertilizer usage per acre) have highly significant positive
impacts on individual consumption growth rates. The two health-related variables (infant
mortality rate and medical personnel per capita) indicate that consumption growth rates at the
farm-householdlevel aresignificantly higher in generally healthier areas. A higherincidence of
employmentinnon-farm commercia enterprisesinageographic areaerntailsahigher growthrate
at thehousehold level for thoseliving there. Thereisahighly significant positive effect of higher
road density in an area on consumption growth. Historically favored “revolutionary base” areas
have higher long run growth rates controlling for the other variables.

Consistent with the ssmpler model we started with, there is a strong tendency for the
geographic variables to be either neutral or “divergent”, in that households have higher
consumption growth rates in better endowed areas. This suggests that these geographic
characteristics tend to increase the margina product of own capital.

Thisisin marked contrast to the household-level variables. In addition to allowing for
latent farm-househol d level effects on consumption growth, weincluded anumber of household
level characteristics related to land and both physical and human capital endowments. These
effectstend to be neutral or convergent. We find that farm-househol ds with higher expenditure
onagricultural inputsper unit land aea(anindicaor of thecapitd intensity of agriculture) tended
to have lower subsequent growth rates. Fixed productive assets per capita do not, however,
emerge as significant; it may well bethat the density of agriculturd inputsisthe better indicator
of own-farm capitd. Amongst the othe household characteristics, there are a number of
significant demographic variables; larger and younger households tend to have higher
consumption growth rates. This may reflect the thinness of agricultural labor markets in rural

China, so that demographics of the household influence the availability of labor for farm work.
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5.3 Do geographic poverty traps occur within the bounds of the data?

Theaboveresultsareconsistent with geographic povertytraps. But do suchtrapsactually
occur within the bounds of these data? In terms of the theoretical model in section 2, while one
might find that higher endowments of geographic capital raise the marginal product of own
capital at the farm-household level, it may still be the case that no area has so little geographic
capital to entail falling consumption.

To address this issue, consider first our simple expository model in section 5.1. The
poverty trap level of county wealth can be defined as CW" such that g(HW, CW")=0 for given
HW. Figure 1 gives CW" for each value of HW. The figure als gives the datapoints. Clearly
there is a large subsa of the data for which CW is too low, given HW, to permit rising
consumption. Consider, for example, two househol dsboth with the sample mean of INnHW, which
is 6.50 (with a standard deviation of 0.61). From equation (10), InCW = 7.01 at this level of
householdwealth. Soif one of the two households happensto livein acounty withInCW=7.02
or higher it will see rising consumption over time in expectation, while if the other livesin a
county withInCW=7.00 or lower it will seefalling consumption, eventhoughitsinitial personal
wealth isthe same.

We can ask the same question for the richer model. We calculate the critical value of
each geographic variable at which consumption growth is zero while holding al other
(geographic and non-geographic) variables constant. While we cannot graph all the possible
combinations in this multidimensiona case (asin Figure 1), let usfix other variables at (say)
their sample mean values. The critical valuesimplied by our results are gvenin Table 3.

Wefind, for example, that positive growth in consumption requires that the density of
roadsexceeds 6.5 squarekilometersper 10,000 people, with all other variableseval uated at mean

points (Table 3). In all cases, the critical value at which the geographic poverty trap ariesis
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within one standard deviation of the sample mean for that characteristic.

Geographic poverty traps are clearly well within the bounds of these data.

6 Conclusions

Mapping poverty and its correlates could well be far morethan adescriptivetool it may
also hold the key to understanding why poverty pesists in some aress, even with robust
aggregategrowth. That conjectureisthe essence of the theoretical ideaof ageographicpoverty
trap. But are such traps of any empirical significance?

That isadifficult question to answer. Aggregate regional growth empirics cannot do so,
since aggregation confoundsthe external effectsthat create geographicpoverty trgpswith purely
internal effects. And, without controlling for latent heterogeneity in themicro growth process,
it is hard to accept any test for geogrgohic poverty traps based on micro panel data. In a
regressionfor consumption growth at the householdlevel, significant coefficientson geographic
variables may smply pick up the effects of omitted spatially-autocorrelated household
characteristics. Y et the standard treatments for fixed effectsin micro panel-data models make
itimpossibletoidentify theimpacts of the many time-invariant geographic factorsthat onemight
readily postulate as leading to poverty traps. Given the potential policy significance of
geographic poverty traps, it isworth searching for a convincing method to test for them.

We have offered atest. Thisinvolves regressing consumption growth at the household
level on geographic variables, allowing for nonstationary individual efectsin the growth rates.

By relaxing the restriction that the individual effects have the same impacts at all dates, the
resulting dynamic panel-datamodel of consumption growth allowsusto identify externd effects
of fixed or slowly changing geographic variables.

On implementing the test on a six-year panel of farm-household datafor rural areas of
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southern China, we find strong evidence that a number of indicators of geographic capital have
divergent impacts on consumption growth at the micro level, controlling for (observed and
unobserved) household characteristics. The main interpretation we offer for thisfindingisthat
living in a poor area lowers the productivity of a farm-household’s own investments, which
reduces the growth rate of consumption, given restrictions on capital mobility.

Withonly six yearsof datait would clearly be hazardousto giveour findingsa“long-run”
interpretation (though six-years is relatively long for a household panel). Possibly we are
observing atransition periad in the Chineserural economy. However, our results do suggest that
there were areas in this part of rura China in this period which were so poor that the
consumptions of some householdsliving in them were falling even while otherwise identical
householdsliving in better off areas enjoyedrising consumptions. Within the period of analysis,
the geographic effects were strong enough to imply poverty traps.

What geographic characteristics create poverty traps? We find that thereare publidy
provided goodsin this setting, such asrurd roads, which generate non-negligible gainsin living
standards. Wealsofind, however, that the aspects of geographic capital relevant to consumption
growth embrace both private and publidy provided goods and services. Privateinvestmentsin
agriculture, for example, entail external benefitswithin an area, asdo “mixed” goods(involving
both private and public provisioning) such ashealth care. Theprospectsfor growthin poor areas
will then depend on the ability of governments and community organizations to overcome the

tendency for under-investment that such geographic externalities are likely to generate.
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Appendix: GMM estimation of the micro growth model
The estimation procedure entails stacking the equations in (8) to form a cross-section
system, with one equation for each year. For T=6, thesystem of equations to be estimated isas

follows:

95(Ac;s X5, 2, b)) = uy

9,(Acy X, 7 b)) i Uiy (AD)
q5(A c;5, X5, 2, bg) = us

9s(A ¢ X5, 2, bg) = g

In these equations, u, (t=3,4,5,6) istheerror termu -r u,_,, X;; isthe vector of time-varying
explanatory variables, z the vector of time invariant variables, and b, =[ , , , ,r]isthe
parameter vector. Note that not all the b's vary with time, implying certain cross-equation

restrictions on the parameters. It is convenient to write the model in thecompact form:

q(Aciaxpziab) = 17,' (A2

= _ > - = =y
where u; = [ugu ,ugu ] .

The GMM procedure estimates the parameters b, by minimizing the criterion function:

0,/(b) = gy(b) Ay' g\ (b) (A3)

wherethe (r x r) weighting matrix A, is positive definite, and where the (r x 1) vector of sample

orthogondl ity conditions isgiven by:

N
gy(®) = [ w/q (Ac,x;,2,B)] (A%)
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wherew; isa(1 x p) vector of pinstruments. Heteroscedasticityislikely to exig acrossthe cross-
sections. We use White' s approach to corredt for this. The optimal weighting matrix isthusthe
inverse of the asymptotic covariancematrix:

N
Ay = [Swaiw] (A5)

i
i=1

where 4, is the vector of the estimated residuals. These GMM edimates yield parameter
estimates that are robust to heteroscedasticity.

Thefirst-order conditions of minimizing equation Q(b) imply that 5 isthe solution to:
A, _1 A
Gy(b)Ay'gyb) = 0 (A6)

where Gy (b)isthe (r x ) matrix withits i, j)' th element G (8), = 9g,,(b)/9b,and g, (b)isthe
i’th element of g, (b). GN(IS) is assumed to be of full rank. However, given the nonlinearity
in the criterion function, equation (A6) does not provide us with an explicit solution. We must
use a numerical optimization routine to solve for 5. All the computations can be done using

(say) EVIEWS Version 2.0.
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Table 1: Descriptive statistics

Variable Summary statistics OL S regression
Dep var: Mean log
consumption
Mean Standard  Coefficient t-ratio
deviation estimate
Dependent var iable
Average % growth rate of consumption, 1986-90 0.7004 28.5290 - -
Geographic variables

Proportion of sample in Guangdong 0.2286 0.4199 0.2835 23.2057*

Proportion of sample in Guangxi 0.2442 0.4296 0.5413 4.2080*

Proportion of samplein Yunnan 0.2029 0.4021 0.0366 2.5137*

Proportion living in arevolutionary base area 0.0259 0.1587 -0.0758  -3.8039*

Proportion of counties sharing a border with a 0.1547 0.3616 0.0043 0.4111

foreign country

Proportion of villages located on the coast 0.0307 0.1724 0.0112 0.5908

Proportion of villagesin which thereisa 0.2562 0.4365 -0.0327  -4.0227*

concentration of ethnic minorities

Proportion of villages that have a mountainous 0.4415 0.4966 -0.0566  -7.3741*

terrain

Proportion of villages located in the plains 0.2171 0.4122 0.0716 8.0155*

Fertilizers used per cultiv. area (tonnes per sg.km) 11.8959 6.4937 0.0019 2.3831*

Farm machinery used per capita (horsepower)? 158.5453 151.2195 0.0017 4.1501*

Cultivated area per 10,000 persons (sq km) 13.0603 3.2622 0.0095 4.7466*

Population density (log) 8.2264 0.3786 0.1080 5.8450*

Proportion of illiterates in the 15" population (%) 34.8417 15.8343 -0.0027  -6.8263*

Infant mortality rate (per 1,000 live births) 40.4600 23.3683 0.0019 6.6429*

Medical personnel per 10,000 persons 8.0576 5.0205 0.0044 6.2956*

Pop. employed in commercial (non-farm) 117.8102 68.8162 0.0006 8.5955*

enterprises (per 10,000 persons)

Kilometers of roads per 10,000 persons 14.1900 10.4020 0.0006" 0.0155

Proportion of population living in the urban areas 0.1018 0.0810 0.1858 3.5251*
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Variable Summary statistics Regression

Mean Standard  Coefficient t-ratio

deviation estimate
Household level variables
Expenditure on agricultural inputs (fertilizers & 30.4597 80.5274 0.0005 6.4171*
pesticides) per cultivaed area (yuan per mu)?
Fixed productive assets per capita (yuan per 132.1354 217.5793 0.0003  19.1200*
capita)®
Cultivated land per capita (mu per capita)® 1.2294 1.1011 0.0577  12.1557*
Household size (log) 1.6894 0.3461 -0.0496 -
26.0661*

Age of the household head 42.1315 11.4225 0.0097 5.0850*
Age’ of the household head 1,905.5300 1,024.7320 -0.0009"  -4.0635*
Proportion of adults in the household who are 0.3230 0.2898 -0.1634  -11.3526
illiterate *
Proportion of adults in the household with primary 0.3819 0.3063 -0.0879  -7.4053*
school education
Proportion of kids in the household between ages 0.1173 0.1408 -0.0639  -2.7909*
6-11 years
Proportion of kids in the household between ages 0.0836 0.1066 0.0867 2.7889*
12-14 years
Proportion of kids in the household between ages 0.0698 0.1004 0.1753 5.1655*
15-17 years
Proportion of kids with primary school education 0.2672 0.3642 0.0580 6.2001*
Proportion of kids with secondary school education 0.0507 0.1757 0.1240 6.7528*
Proportion of a household members working in the 0.0436 0.2042 0.1539 10.3134*
state sector
Proportion of 60" household members 0.0637 0.1218 0.0808 2.8407*

Number of households: 5644

Number of counties 102

Adjusted R% 0.5739

Notes: * indicates significance at 5% level or better; ® indicates that the variable istime-varyingin the
GMM model; ® indicates that the coefficient is multiplied by 100; 1 mu = 0.000667 knv
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Table 2: Estimates of the consumption growth model

GMM estimates

Coefficient t-ratio
Constant -0.2723 -3.1697*

Time-varying fixed effects
Mgz 0.0429 1.4876
Mg 0.1920 5.3425
oo 0.0126 0.4776
Foo 0.3690 9.0738'
Geographic variables

Guangdong (dummy) 0.0019 0.3688
Guizhou (dummy) 0.0233 4.5430°
Y unnan (dummy) -0.0048 -0.8196
Revolutionary base area (dummy) 0.0207 2.3962*
Border area (dummy) -0.0030 -0.6967
Coastal area (dummy) -0.0099 -1.1877
Minority area (dummy) -0.0037 -1.1051
Mountainous area (dummy) -0.0071 -2.1253*
Plains (dummy) 0.0103 2.7631*
Farm machinery usage per capita (x100) 0.0427 3.6099*
Cultivated area per 10,000 persons 0.0010 1.2066
Fertilizer used per cultivated area 0.0017 3.7526*
Population density (log) 0.0142 1.5695
Proportion of illiterates in 15" population (x100) 0.0135 0.7832
Infant mortdity rae (x100) -0.0244 -2.0525*
Medical personnel per capita 0.0010 3.5740*
Prop. of pop. empl. nonfarm commerce (x100) 0.0072 2.3572*
Kilometers of roads per capita (x100) 0.0745 4.4783*
Prop. of population living in theurban areas -0.0163 -0.7558
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GMM estimates

Coefficient t-ratio
Household level variables

Expenditure on agricultural inputsper cultivaed area (x100) -0.0866 -4.7395*
Fixed productive assets per capita (x 1000) 0.0037 0.2958
Cultivated land per capita -0.0090 -1.5899
Household size (log) 0.0447 6.9717*
Age of household head 0.0023 2.8483*
Age’ of household head (x 100) -0.0026 -2.9626*
Proportion of adultsin the household who areilliterate 0.0087 1.4718
Prop. of adults in the h'hold with primary school education -0.0028 -0.5816
Prop. of kids in the household between ages 6-11 years 0.0359 3.9065*
Prop. of kids in the h'hold between ages 12-14 years 0.0434 3.3199*
Prop. of kids in the h'hold between ages 15-17 years 0.0075 0.4963
Proportion of kids with primary school education (x 100) -0.3790 -0.9674
Proportion of kids with secondary school education 0.0193 2.3486*
Whether a household member works in the state sector (dummy) -0.0101 -1.5062
Proportion of 60" household members 0.0199 1.6839

Notes: *: indicates significant at 5% level or better
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Table 3: Critical valuesfor a geographic poverty trap

Full sample
Critical valuesto Sample mean
Geographic variables avoid geogrgphic (standard devigion in
poverty traps parentheses)
Cultivated area per 10,000 persons - -
(sg km.)
Fertilizers used per cultivated area 8.5233 11.896
(tonnes per sq km) (6.494)
Farm machinery used per capita (horsepower) 2.5209 15.855
(11.811)
Populati on density (log) - -
Infant mortdity rate (per 1,000 live births) 63.9573* 40.460
(23.370)
Medical personnel per 10,000 persons 2.7977 8.058
(5.020)
Population employed in commercial (non- 38.1804 117.810
farm) enterprises (per 10,000 persons) (68.816)
Kilometers of roads per 10,000 persons 6.4942 14.190
(10.402)

Proportion of population living in urban areas

Notes: A geographic poverty trap will exist if the observed value for any county is less than the critical
values given above; for those marked * the observed value cannot exceed the aritical valueif apoverty
trap is to be avoided. Critical values are only reported if the relevant coefficient from Table 2 is
significantlydifferent from zero. All thecritical valuesreported abovearesignificantly different from zero
(based on a Wald-type teg) at the 5% level or better.
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Addendum (not intended for publication)
Thederivation of equation (2) uses standard methods of optimization. The problemisto

maximize

f (UIC(H)]e P'dt Uy>0; U,.<0 (A1)

0
(for instantaneous utility function U) subject to

FIK(®), G(0)] = C(1) + K'(2) (A2)
The Lagrangian to be maximizedis
L= [UIC@e ¥ - =K' - FIK(®).G] + COldr (A3)
0

(for multipliers ) which, on integrating by parts, is equi valent to maximizi ng:

[W©e# + 0k + RIFEK.G) - Clai (A%)
0

with respect to C and K, subject to (A2). Thefirst-order conditions are:

U(Ce ™ =mn
(A5)
FUK,G) = -n'(t)n
On solving the last equation for
1) = n(0)e **? (A6)
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it can be seen that the optima consumpti on plan must satisfy:
U/(C) = m(0)e P~ &N (A7)

Differentiating with respect to time we can then derive equation (2) for the consumption growth

rate, subgtituting o = -CU’(C)/U'(C).
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