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Abstra ct. The standard method of testing for e±cient risk-sharing in village economies
(Townsend,1994) doesn't allow one to identify vulnerable households,only to make state-
ments about the average risk in the village, or of sub-groups identi¯able on the basis of
observables. Here, by working directly with inter-householdconsumption correlations we're
able to identify householdswhich areprobably exposedto unusually high amounts of idiosyn-
cratic risk. An obvious use for this identifying information involves targeted interventions
to help those households.However, the e®ectivenessof these interventions dependson the
market imperfections which exposesthose householdsto idiosyncratic risk to begin with.
Using data from the Indian ICRISAT villages, we trace out the expected outcomesof tar-
geted income transfers given several di®erent hypothesesregarding why some households
bear idiosyncratic risk.

1. Intr oduction

To be successful,policiesmeant to target assistanceto poor, vulnerable householdsmust
do a reasonablygood job of identifying the target population. Although hereare a number
of well-known measurement di±culties involved in this sort of identi¯cation, methods for
identifying poor householdsarebetter developedthan aremethodsfor identifying households
which bear disproportionate risk, beginningwith an appropriate measureof risk.

The usual measureof poverty is just somescalar measureof wealth, perhaps adjusted
for householdcomposition or other circumstances,but still just a number. In contrast, the
risk a householdfacesis related to an entire distribution of possibleoutcomes.Thus, while
measuresof poverty focus on summarizing a distribution acrosshouseholds,a measureof
risk must summarizea distribution for each household,as well as providing a population
summary.

Our approach here is motivated by someof the sameconcernsthat have motivated other
researchers to try and directly extend traditional measuresof static poverty to a dynamic
environment with uncertainty. Of particular note in this connectionis Ravallion (1988)who,
with a similar motivation and the samedatasetthat wewill use,tries and distingushbetween
\transitory" and \p ermanent" components of poverty,1 to better understand the e®ectsof
uncertainty on expectedpoverty.

In this paper, we provide a natural, cardinal measureof risk which is consistent with the
ordinal notion of risk developed in Rothschild and Stiglitz (1970). We give a simplemethod
for decomposing this measureof risk into risk which is attributable to aggregateshocks,
observable idiosyncratic shocks, and unobservable shocks. As a by-product, we develop
an estimator for the kinds of risk-sharing regressionsdeveloped by Townsend (1994) and

Date: October 30, 2003.
1Jalan and Ravallion (2000) do something similar, but with Chinesedata; Dercon and Krishnan (2000)

use Ethiopian data to measurehouseholds'movements in and out of poverty; and Baulch and Hoddinott
(2000) provide a nice survey of the young but rapidly growing literature on dynamic poverty.
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Deaton (1990)which allows consistent hypothesistesting and inferenceeven in the presence
of cross-sectionalcorrelation of unspeci¯ed form.

We apply our techniques to a dataset from the Indian ICRISAT villages explored by
Townsend(1994) and many others. This Indian data is of particular interest becausethere
seemsto begeneralagreement that thesevillagesdisplay a greatdealof risk-sharing,yet there
is relatively little direct evidenceon just how this risk-sharing is accomplished.Information
on risk-sharing networks can be gleaned from estimated correlations between household
consumptions (or correlations in residuals from some prediction equation). We use this
technique to identify , for example, two quite distinct risk-sharing groups in Aurepalle, one
composedchie°y of householdswith substantial land-holdings,and the other of households
with little or no land.

The remainderof this Chapter is organizedas follows. In Section2, we provide a precise
de¯nition of risk usedin this paper. The measurewe provide is cardinal, and is consistent
with the ordinal approach taken by Rothschild and Stiglitz (1970). This samemeasureof
risk is combined with a measureof poverty to construct a measureof overall vulnerability
in Ligon and Schechter (2003). In Section3, we provide methods to estimate the risk borne
by households,and show that this measurecan be easilydecomposedinto risk from various
sources.Onceonehasidenti¯ed householdswhich onethinks may bear largeamounts of risk,
one may wish to ameliorate this risk. In Section4 we discussthe problemsthat may arise
from acting on thesegood intentions. Sincethe intervention of an outsider may be perceived
by the community as yet another sort of shock, existing mechanismsfor sharing risk within
the village may also serve to undo targeted transfers. We consider the consequencesof
targeting transfers to villages under a sequenceof di®erent assumptionsregarding existing
markets and institutions. Section5 concludes.

2. Defining Risk

We take a utilitarian approach to de¯ning a measureof the risk householdsface. Suppose
there to be a ¯nite population of householdsindexed by i = 1; 2; : : : ; n, and let ! 2 ­
denote the state of the world. We focus on the distribution of householdi 's consumption
expenditures, ci (! ), rather than measuresof income or wealth on the grounds that these
kinds of expenditures are what most directly determineshouseholdwelfare. To measure
risk, for each householdwe ¯rst choosesomestrictly increasing,weakly concave function
U i : R ! R mapping consumption expenditures into the real line. Given the function U i ,
we de¯ne the risk facedby the householdby the function

Ri = U i (Eci ) ¡ EU i (ci ):

Taking expectationsof an increasing,concave function of consumptionexpenditureshasthe
e®ectof making risk dependnot only on the meanof a household'sconsumption,but alsoon
variation in consumption. Take, for example, the casein which consumption expenditures
are boundedabove by someb, and wherewe take U i (c) = ¡ (c ¡ b)2. In this case,the risk
facing a householdis simply equal to the varianceof consumptionexpenditures.

The measureRi , which measuresthe risk faced by householdi , is consistent with the
ordinal measuresof risk proposedby Rothschild and Stiglitz (1970) (though any monotone
transformation of Ri would do as well). Further, this risk measurecan usefully be further
decomposedinto two distinct measuresof risk, one aggregate,the other idiosyncratic. Let
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E(ci j¹c) denotethe expectedvalue of consumptionci conditioned on knowledgeof aggregate
consumption¹c. Then we can rewrite the risk facing householdi as

Ri = [U i (Eci ) ¡ EU i (E(ci j¹c))] + [EU i (E(ci j¹c)) ¡ EU i (ci )]:

Herethe ¯rst term expressesthe aggregaterisk facing the household,while the second̄ lters
out the aggregatecomponent of risk to leave only the component of idiosyncratic risk.2

Of coursethe notation hereis intentionally chosento evoke comparisonswith utilit y func-
tions. If in fact our functions f U i g coincide with households'von Neumann-Morgenstern
momentary (indirect) utilit y functions, then we can interpret our measureof risk as the loss
of utilit y experiencedfrom consumption risk. Further, If one were to adopt a utilitarian
notion of welfare for somepopulation of n households,then in principle one could use the
set of functions f Ui g in the objective function of a social planner, as in Townsend(1994);
in this casea social planner who maximizesa weighted sum of these functions subject to
someaggregateresourceconstraint would implicitly allocate resourcessoasto eliminate the
idiosyncratic component of risk.

Despitethe notation, our proposedprocedureof maximizing the sumof the expectedvalues
of concave functions of expenditures neednot be interpreted as a utilitarian social welfare
function. Oneof several possiblealternative interpretations would have a paternalistic donor
or NGO choosesomeconcave function, with the shape of the function re°ecting the donor's
preferencesover the distribution and uncertainty of consumptionexpenditures. One happy
consequenceof this sort of paternalism is that it's not necessaryto be able to measure
individual households'utilit y functions.

As a simple example,consideran environment with no uncertainty, and supposethat a
donor with budget B wishesto make income transfers to a population of n householdsin
such a way as to minimize poverty, as measuredby the Foster et al. (1984) poverty index.
This is equivalent to choosingfunctions f U i g such that

(1) U i (c) =
jc ¡ zj®

®
sgn(c ¡ z):

To interpret this as a measureof poverty, we may interpret z as a poverty line, and ® is
a parameter which could be chosenby the donor to place more or less emphasison the
consumptionof the very poor.

Now supposethat this samefunction is usedin an environment in which householdsface
shocks which make their consumption expenditures uncertain. As a consequence,U i (c) is
itself a random variable. What, then, should the objective of the donor be? One natural
possibility (and the one which we'll pursue here) would be for the donor to seekto mini-
mize expected poverty, and now the functions f U i g should be chosento re°ect the donor's
preferencesover both the distribution of consumption expenditures and over the risk that
householdsface. The properties of (1) for evaluating the distribution of income are well
understood when there's no uncertainty. However, if a donor were to use this function to
evaluate expectedpoverty, what would the consequencesbe?

First, note that this function is nondecreasingin ci for all real valuesof c, z, and ®; a
donor with these preferencesalways (weakly) prefers any given householdto have more,

2Ravallion (1988) usesa di®erent decomposition in order to distinguish betweenpermanent and transitory
poverty.
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rather than less,consumption. Second,note that (1) is concave if either of the following
conditions hold:

(1) ® > 1 and 0 · c · z;
(2) ® < 1 and 0 · z · c.

The ¯rst case,under certainty, is consideredby Foster et al. (1984), while Ravallion (1988)
considersthe samecaseunder uncertainty. The secondcasereally changesthe function
consideredby these authors into a standard HARA utilit y function, with a coe±cient of
relative risk aversionequalto (®¡ 1) c

z¡ c. As long asthis quantit y is positive, then the donor
hasa preferenceagainst exposinghouseholdsto needlessrisk.

In the usual analysis(with no uncertainty), one'schoiceof the parameter® re°ects one's
sensitivity to inequality in distribution. As one might expect, in an environment with un-
certainty, the choice of this parameter also has important consequencesfor the qualitativ e
nature of the donor's preferencesover risk. In particular, when c < z and ® > 1 this index
implicitly supposesthat householdswith high levels of expenditures are more sensitive to
risk than are poorer households,in the sensethat if no householdcurrently facedany con-
sumption risk, but the donor had to assigna fair bet of ¯xed sizeto somehouseholdin the
population, then it would prefer to assignthat bet to a householdwith lower consumption,
ceteris paribus. Interpreting U i asa utilit y function, this is just a statement to the e®ectthat
householdshave increasingabsoluterisk aversion. Of course,this is preciselythe reverseof
what is usually assumedin research on households'toleranceof risk (for an early argument,
seeArrow (1965)). To put the matter concisely, any donor who seeksto minimize the ex-
pectedvalue of the Foster-Greer-Thorbecke poverty measure(minus one times the function
de¯ned in (1), with ® > 1 and 0 · c · z) implicitly assumesthat householdswith low
consumption are better able to tolerate risk than are better-o® households.A donor who
wished to assignmore risk to wealthier householdsshould choose® < 1 and z · c, thus
maximizing a standard utilitarian social welfare function, with HARA utilit y functions.

3. Measuring Risk

Among recent papers on risk-sharing, Townsend(1994) has arguably been the most in-
°uential. Assumingthat agents are risk averse,with von Neumann-Morgensternpreferences
with an exponential momentary utililit y function, Townsendderivesthe consumptionfunc-
tion for each householdin a village economy, which with exponential utilit y and complete
markets can be written as a linear function of village aggregateconsumption.

Thus, to test the hypothesisof completemarkets, Townsendregressesdeviationsof house-
hold consumption from the village averageon a set of householdspeci¯c ¯xed e®ectsand
someset of other right hand side variables. Under the null hypothesissuch other variables
shouldn't have any additional abilit y to explain householdconsumption. Townsendrejects
the null hypothesis;variousmeasuresof householdincomeseemto be related to the residual
from Townsend'sconsumption function. Nonetheless,the magnitude of the coe±cients he
estimatesseemto be small, at least relative to someresearchers' priors, and it seemsfair
to say that Townsend'sresearch has convinced many peoplethat consumption insuranceis
very important in at least three Indian villages.

Still, like much good empirical research, Townsend'spaper raisesmore questionsthan it
answers. He has, after all, rejected the most coherent theoretical model we have of village
allocation|what should the completemarkets model be replacedwith? To answer a model
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with incompletemarkets is fatuous, as this classincludesfar more models than it excludes.
Also, if onetakesasgiven that householdsare doing a great dealof consumptionsmoothing,
then that raisesthe questionof what sort of speci¯c institutions are being employed at the
village level to accomplishthis smoothing. Certainly householdsaren't participating in some
spanningset of contingent claims markets in any formal sense,and one wonderswhat less
formal mechanismsare taking the placeof thesetextbook markets.

Here we take a di®erent approach to measuringrisk-sharing which focuseson accurately
inferring and accounting for the di®erent kinds of risks householdsface, rather than on
hypothesis testing. Nonetheless,a strong parallel with Townsend'sregressionemerges.In
addition, though this paper o®ersno conclusive evidenceon either of thesequestions,we add
somenew information with which to inform the debate. First, we point out a quali¯cation
to the conclusionsthat many (though not Townsendhimself) have drawn from Townsend's
research|namely , that although in each of the three villages Townsendworks with house-
hold income isn't very highly correlated with consumption residuals(the main conclusion
from Townsend'stest), neither is it the casethat householdconsumptionsare very highly
correlated with each other, which seemsat odds with the idea that there's a great deal of
consumption insurancein thesevillages. Where there's little insurance,the search for in-
stitutions which provide insuranceseemslesspressing. Second,by working directly with
inter-householdcorrelations,we're able to identify householdsthat do have signi¯cantly cor-
related consumptions. In only one of the three villages we work with (Aurepalle) do there
seemto be many such households;we turn our attention to the problem of trying to identify
factors which help to predict whether a given householdwill be well-insuredby this measure
or not.

Our approach to measuringrisk in the ICRISAT villages beginswith an e®ort to oper-
ationalize the measuresof risk developed in the previous section. We begin by supposing,
as is usual in the literature on consumption-smoothing, that consumptionis measuredwith
error. Let zt denote a vector of possibly time-varying village characteristics, let x i

t denote
a vector of observed, time-varying householdcharacteristics, and let ci

t denote the actual
consumption of householdi at date t, and let ~ci

t = ci
t + ² i

t denote observed consumption,
where² i

t is somemeasurement error, with the property that E(² i
t jzt ; x i

t ) = 0 and E(² i
t jc

i
t ) = 0.

In the presenceof measurement error, using observed consumption to measurerisk as in
Section3 would lead the analyst to confute measurement error with idiosyncratic risk. To
avoid this problem, we further decomposeour measureof idiosyncratic risk into risk which
canbe attributed to variation in observedhouseholdcharacteristicsx i

t and a risk which can't
be explainedby such variation, but which is due instead to variation in unobservablesand
to measurement error in consumption. Thus, rewriting the expressionfor risk yields

Ri = [U i (Eci
t ) ¡ EU i (E(ci

t jzt ))] (Aggregaterisk)

+ [EU i (E(ci
t jzt )) ¡ EU i (E(ci

t jx
i
t ; zt ))] (Explained idiosyncratic risk)

+ [EU i (E(ci
t jx

i
t ; zt )) ¡ EU i (ci

t )]: (Unexplained risk & measurement error)

Two additional stepsare required before one can actually usedata to compute the risk
facing a household. First, one must choosethe functions f U i g. Second,one must devise
a way to estimate the conditional expectations which ¯gure in our risk measure. Here, we
choosethe risk evaluation function to take the simple form U i (c) = (c1¡ ° ¡ 1)=(1 ¡ ° ) for
someparameter ° > 0; as gammaincreases,the function U i becomesincreasinglysensitive
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to risk. We assumethat E(ci
t jzt ; x i

t ) = ®i + ´ t + x i
t ¯ , where µ = (®i ; ´ t ; ¯ 0) is a vector of

unknown parameters,to be estimated.
Weestimatethe unconditional expectation of householdi 's consumptionby Eci

t = 1
T

P T
t=1 ci

t .
For the present application, wewish to chooseµ soasto optimally predict ci

t in a least-squares
sense.In the presenceof measurement error, choosing parametersto predict consumption
has the consequencethat our estimatesof total risk will not be unbiased. However, given
our assumptionson the measurement error process² i

t , E(ci
t jzt ; x i

t ) = E(~ci
t jzt ; x i

t ), measure-
ment error in consumptionexpenditureswill in°uence only our measureof unexplained risk.
This last measurewill be incorrect by the di®erence

EU i (~ci
t ) ¡ EU i (ci

t );

while our measuresof aggregateand explained idiosyncratic risk will not be biasedby this
sort of measurement error.

Our parameterizationof E(ci
t jzt ; x i

t ) suggeststhe linear estimating equation

(2) ~ci
t = ®i + ´ t + x i

t ¯ + vi
t ;

where the conditioning information (zt ; x i
t ) is understood to include the knowledgeof the

date and of the identit y of the household,3 where vi
t is a disturbance term equal to the

sum of both measurement error in consumption as well as prediction error, and where the
household¯xed e®ects®i are restricted to sum to zero.

Our focus on risk-sharing strongly suggeststhat the disturbancesf vi
t g may be correlated

acrosshouseholds. This follows, for example, if a subset of the population is engagedin
an otherwise perfect risk-sharing scheme. We assumethat the cross-sectionalcorrelation
is governed by a time-invariant matrix § = [cov(vi

t ; vj
t )]. Accordingly, we ¯rst construct

point estimatesof the parametersof (2) usingordinary leastsquares.Next, following Newey
and West (1987), we usethe estimated residualsf v̂i

t g to estimate X 0(§ ­ I T )X , where the
matrix X denotesthe regressorsemployed in estimation, and where the (i; j ) element of §
is estimatedby §̂ = 1

T

P T
t=1 v̂i

t v̂
j
t . For this just identi¯ed estimator, the estimatedcovariance

matrix of our parameterestimatesis givenby (X 0X )¡ 1X 0(§̂ ­ I T )X (X 0X )¡ 1. This estimator
of varianceis consistent evenin the presenceof unspeci¯ed cross-sectionalcorrelation, solong
as this correlation is unchangingover time.

Using data on householdconsumptionand incomefor the three Indian ICRISAT villages
identical to that used by Townsend, we've estimated (2), using householdincome for the
right-hand side variable x i

t . Point estimates for the associated parameter ¯ along with
estimatedstandard errors are presented in the ¯rst lines of Table 1. The point estimatesin
this table very nearly replicate results reported in Townsend(1994)4 As onemight expect, in
two of the threevillagesthe OLSstandarderrorsreported by Townsendarelower than areour
estimates,as we correct theseestimatesfor cross-sectionalcorrelation in a way Townsend

3Thus, f ´ t g captures the in°uence of changes in aggregates,and f ®i g captures the in°uence of ¯xed
householdcharacteristics on predicted householdconsumption.

4The relevant results from Row 1 of Table XI I I(c) of Townsend'spaper are

Aurepalle Shirapur Kanzara
¯ 0.1362 0.0830 0.1398

(0.0265) (0.0218) (0.0270)

We would replicate Townsend's point estimates exactly, except that we've used data only for households
observed continuously over the period 1976{81.
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did not. However, in one village (Shirapur), our estimated standard errors are actually
slightly smaller than areTownsend'sestimates,and despitethe correction,householdincome
continuesto have a pronounced,signi¯cant e®ecton householdconsumptionin every village.

Aurepalle Shirapur Kanzara
¯ 0.1075 0.1015 0.1417

(0.0332) (0.0237) (0.0363)
AggregateRisk 26.2984 1.8888 6.6943
Compensation [17.6760,35.7046] [0.9651,6.8974] [4.3943,12.9619]
Idiosyncratic Risk 1.9049 2.3958 3.5221
Compensation [0.2816,3.2486] [0.5356,5.1289] [0.5073,6.7310]
UnexplainedRisk 17.2996 30.8564 15.0921
Compensation [-0.3030,50.1978][-5.2433,72.1132][-13.2834,53.3856]

Table 1. Risk compensation for di®erent components of consumption risk.
The ¯rst row reports point estimatesfor the coe±cient associated with house-
hold income, in a regressionof householdconsumption on income, a set of
household¯xed e®ects,and a set of time e®ects.Parenthetical numbers are
the standarderrorsof thesepoint estimates,taking into account possiblecross-
sectional correlation in disturbances. Subsequent rows report estimatesand
bootstrapped con¯denceintervals for the averagerisk compensationrequired
(in every period) to compensate each household for facing each particular
sourceof risk.

With an estimateof E(ci
t jzt ; x i

t ) in hand, we proceedto estimate the di®erent components
of risk. Following the suggestionof Arrow (1965),wechoosethe parameter® = ¡ 1, implying
a relative risk aversionof two. However, rather than reporting a measureof risk denominated
in utils, we ¯nd the certain transfer b necessaryto just compensatethe householdfor the
risk it faces. So, for example, to measurethe aggregaterisk the householdfaces,we ¯nd
somenumber b satisfying

U i (Eci
t ) = EU i (b+ E(ci

t jzt )) ;
and similarly for explainedidiosyncratic risk and unexplainedrisk. We call this transfer risk
compensation. Both consumptionexpenditures and b are denominatedin 1975Rupees;the
meanof estimatedrisk compensationsare presented in Table 1 by village and component.

From Table1, the total risk facedby householdsin Aurepalle could be compensatedby an
annual per-householdpayment of between27.42and 44.771975Rs (depending on whether
or not unexplainedrisk is included or not). From the perspective of a wealthy donor, this
is a rather small sum, betweenabout $10.50and $17.50in current U.S. dollars. However,
whencomparedto per householdconsumptionexpendituresof Rs. 787in Aurepalle, the im-
portanceof risk springsinto sharper focus: the averagetotal risk compensationin Aurepalle
amounts to between7.6 and 12.3 per cent of consumptionexpenditures. Analogous¯gures
for Shirapur are 0.9 and 7.1 per cent, and for Kanzara are 2.1 and 6.6 per cent.

Our largestestimateof risk compensation(12.3per cent of averagehouseholdexpenditures
in Aurepalle) seemsconsiderablein welfareterms, but not enormous,particularly sincemuch
of this may be attributable to measurement error. In Shirapur and Kanzara estimatesof
explained risk compensationsactually seemquite small. One explanation for may be that
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there's not actually a great dealof risk in the environment of thesevillages;an alternative is
that householdshave developed e®ective meansof reducing consumption risk, whether via
risk-sharing, self-insurance,or someother sort of arrangement.

Aurepalle Shirapur Kanzara
¯ 1.0488 0.7014 1.1206

(0.3465) (0.1838) (0.2811)
AggregateRisk 30.4632 17.8811 19.0124
Compensation [10.8093,78.9837] [8.3641,48.0137] [11.3652,45.7730]
Idiosyncratic Risk 11.6528 14.5646 12.2930
Compensation [-1.3890,20.9283] [0.2103,33.0543] [-1.4376,25.0382]
UnexplainedRisk 16.4296 76.0551 53.1372
Compensation [-14.8286,52.2384][49.3828,103.8923][-174.3121,221.1009]

Table 2. Risk compensation for di®erent components of income risk. The
¯rst row reports point estimatesfor the coe±cient associated with household
consumption, in a regressionof income on householdconsumption, a set of
household¯xed e®ects,and a set of time e®ects.Parenthetical numbers are
the standarderrorsof thesepoint estimates,taking into account possiblecross-
sectional correlation in disturbances. Subsequent rows report estimatesand
bootstrapped con¯denceintervals for the averagerisk compensationrequired
(in every period) to compensate each household for facing each particular
sourceof risk.

Table 2 is similar to Table 1, except that instead of measuringrisk in consumption ex-
penditures, it reports measuresof compensationfor income risk. Note that information on
idiosyncratic consumption is usedto predict income,so that (re-using the notation for pa-
rameters from above) we have E(x i

t jzt ; ~ci
t ) = ®i + ´ t + ~ci

t , estimated as before. Comparison
of these two tables is informative. Total income risk seemsconsiderableacrossall three
villages, amounting to 58.541975Rs. in Aurepalle, 108.50Rs. in Shirapur, and 84.44Rs.
in Kanzara. The three villagesdi®er in interesting ways. Aggregaterisk seemsto be partic-
ularly important in Aurepalle, in both incomeand consumption|there appearsto be little
smoothing of aggregateconsumption in this village. On the other hand, while there's con-
siderableidiosyncratic risk in income, there's very little idiosyncratic risk in consumption,
suggestingthat mechanismsfor sharingrisk may be quite e®ective in Aurepalle. In Shirapur
there's somewhatlessaggregateincomerisk than in Aurepalle, but both aggregateand id-
iosyncratic consumptionrisk are negligible,suggestingthat the village makesimportant use
of someintertemporal technology, such as storageor transactions in credit markets outside
the village. The possibility of this sort of ¯nancial integration meansthat the very small
idiosyncratic risk in Shirapur may be due to village-level risk-sharing, or may alternatively
be due to credit or insurancearrangements madeoutside the village. Kanzara is somewhat
similar to Shirapur, in that both aggregateand idiosyncratic risk in consumptionis consider-
ably smaller than it is for income,which again implies the useof storageor credit, combined
with someunidenti¯ed form of insuranceagainst most idiosyncratic risk.

In order to shedsomeadditional light on the mechanismsusedto insure consumption in
di®erent villages,I'v ecomputedthe simplecorrelation coe±cients betweenthe consumptions
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Figure 1. Correlations betweenhouseholdconsumptionsand Testsof signi¯cance. Fig-
ures in the ¯rst column show the completematrix of correlation coe±cients betweenhouse-
hold consumptions. The secondcolumn presents tests of the signi¯cance of thesecoe±cients
(at a 95 per cent con¯dence level). A black square indicates a signi¯cant negative correla-
tion; a white sqare indicates a signi¯cant positive correlation. The ¯rst row presents data
from Aurepalle; the secondfrom Shirapur; the third from Kanzara.
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of di®erent households,for each village. Theseare shown (using various shadesof gray) in
Figure 1. The ¯rst column of these ¯gures indicates the degreeof correlation between
di®erent households.Note that the averagecorrelation coe±cient in Aurepalle is relatively
large, compared to the other two villages. In the right hand column, we report results
of a bootstrap test of signi¯cance of the correlation coe±cients to the left. If household
consumptionswere independent, then white squareswould appear 2.5 per cent of the time
(a falsepositive correlation), aswould black (a falsenegative correlation). By this standard
consumptionsin Shirapur truly do appear to be nearly independent, as fewer than two per
cent are signi¯cantly positive, and 2.4 per cent are negative. Householdsin thesematrices
are ordered according to their householdnumbers. The survey which collected thesedata
was designedso that low householdnumbers were assignedto householdswhich owned no
land in the initial year (1975)of the survey, while the remaining three quartersof the sample
householdswere selectedaccordingto a strati¯ed sampledesignso that one quarter of the
sampledhouseholdshad land-holdings in the bottom tercile the land-holding distribution
(by size of holding), a secondquarter had holdings in the secondtercile, and the ¯nal
quarter had land-holdingsin the highest tercile. Householdnumberswereassignedin blocks
corresponding to terciles,sothat the ordering of householdsin Figure 1 correspondsroughly
to the sizeof their land-holdings.

More interesting patterns of correlation emergein Aurepalle and Kanzara. In Aurepalle
there are no signi¯cant negative correlations,while 17 per cent of all correlation coe±cients
are signi¯cant and positive. There's weaker evidenceof a meaningful number of signi¯cant
correlations in Kanzara, where5.8 per cent of all correlationsare signi¯cant and positive.

To a considerabledegreethesedi®erencesacrossvillagessimply re°ect di®erencesin aggre-
gate risk; sincethere's little commontime-seriesvariation in consumptionsin Shirapur, it's
di±cult to detect possiblecorrelation patterns. We'd like to control for this aggregatevaria-
tion, and then take a closerlook at which householdshave signi¯cant patterns of correlation
after removing purely aggregatechangesin consumption(measuredby the estimatedf ´ tg in
(2)). This amounts to looking at patterns of correlation in residualsfrom the regression(2).
As it happens,we've already estimated the covariancematrix of theseresiduals;this is just
the matrix § we usedearlier to construct a consistent estimator of the covariance matrix
of our parameterestimatesin (2). Figure 2 parallels Figure 1, but presents correlations for
theseestimatedresiduals.

The patterns of correlation revealedin Figure 2 aren't obviously remarkable in Shirapur
and Kanzara. However, a surprising and interesting feature of the data emergesfrom the
plots for Aurepalle. It's apparent from the ¯gure that residualsare correlated among the
¯rst 17 households,and amongthe last 17; however, correlationsbetweenthesetwo groups
of householdsare comparatively small. This neatly divides the plot in the upper left of the
¯gure into quadrants. So how are the ¯rst 17 householdsdi®erent from the ¯nal 17? The
¯rst 17 householdsare preciselythosewho either had no land or had holdingsin the bottom
tercile in 1975;the ICRISAT investigatorsintendedthis asa measureto capture the landless
and the poorest farmers. Thus, thesecorrelationssuggestthat the landlessand the poorest
insure amongthemselves,while medium and large farmers(the remaining 17 farmers) form
a similar risk-sharing group.

It's of someinterest to think of this result in light of the ¯ndings of Lim and Townsend
(1998), who found that saving (cash and grain) was the chief mechanism used to smooth
consumptionin Aurepalle. Our results indicate that the two di®erent groupswe've identi¯ed
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Figure 2. Correlations between residuals and Tests of signi¯cance. Figures in the ¯rst
column show the complete matrix of correlation coe±cients between the residuals from
(2) for di®erent households. The secondcolumn presents tests of the signi¯cance of these
coe±cients (at a 95 per cent con¯dencelevel). A black squareindicates a signi¯cant negative
correlation; a white squareindicates a signi¯cant positive correlation. The ¯rst row presents
data from Aurepalle; the secondfrom Shirapur; the third from Kanzara.
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save at di®erent rates. Unfortunately, our measurement of correlation in consumptionresid-
uals is silent as to the mechanism which inducesthis correlation, so it's not clear whether
there are also contingent transfersamong(but not between) the two di®erent groupswe've
identi¯ed.

4. Tar geting

We now turn our attention to ways in which the foregoinganalysismight be usedto make
targeted income transfers to particular households. We assumethat the risk evaluation
functions f U i g have been chosento re°ect the preferencesof the donor. We also assume
that the donor can't observe shocks facedby the household,and doesn't o®erany kind of
contingent transfers(doesn't act as an insurer, in other words).

Now, if it were the casethat transfers made to the di®erent householdswere simply
consumedby that household,then targeting householdsto compensateeach for the risk it
faceswould be a simple matter; onecould simply estimate the risk each householdfacesas
above, compute the necessaryrisk compensation,and make a non-contingent transfer bi to
householdi in every period. In this way, though each householdwould still bear risk, each
householdwould be indi®erent between its risky consumption plus transfers and a riskless
consumptionwith the samemean. Provided that householdsconsumedtheir transfers,then
such a schemewould (weakly) improve the welfareof all householdswhile at the sametime
preserving,largely intact, existing incentiv esto save, invest, and work.

Unfortunately, in generalthere's no reasonto supposethat a householdwhich receivesa
transfer bi in every period will simply consumethat transfer, without otherwise acting to
changeits intertemporal consumptionpro¯le (through saving, investment or credit markets)
or making contingent transfers to other households.To take one particularly simple case,
supposethat the householdregardsthe transfer it receives in the sameway that it regards
other forms of income, and supposethat the simple linear allocation rule proposedabove
holds, so that ci

t = ®i + ´ t + ¯ (x i
t + bi ) + vi

t holds, with x i
t equal to all income net of the

transfer bi . To induce the householdto actually consumeoneadditional unit in that period,
onewould have to transfer 1=¯ to the household.However, the extra resourcespresumably
aren't squandered;instead someshareof the transfer will be given to someother household
or somehow invested; this in turn will in°uence consumption realized by the householdin
other periods, or in other states.

The way in which an incometransfer madeto householdi is treated may depend both on
the opportunities the householdhas to invest or save. Somewhatlessobviously, it will also
dependon prior informal arrangements the householdmay havemadewith other households.
Here we give a short list of models, along with the predictions regarding the disposition of
incometransfersassociated with each model.

4.1. Full Insurance. This is the model of Wilson (1968), Townsend (1994), and many
others. The basicprediction of the model is that any collectionof risk aversehouseholdswill
insure each other against any idiosyncratic shocks, so that householdconsumption at any
date state can be written as a ¯xed, household-speci¯c function of village aggregates,or

ci
t = f i (zt ):

In the caseTownsendconsiders,householdshave Gorman-aggregablepreferences,and sothe
relevant village aggregateis simply the total supply of the consumptiongood. However, even
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moregeneralpreferencesdeliver the result that householdconsumptionshouldn't dependon
idiosyncratic events. This arrangement may be implemented via some ex ante income-
pooling scheme.

The point here,of course,is that the arrival of a donor agencymaking `targeted' transfers
looks just like another sourceof idiosyncratic shocks. In the full insurancemodel, house-
holds with the exponential utilit y functions assumedby Townsend(and no intertemporal
technology) would simply pool the total transfers received by the village as a whole. Each
householdwould receive an equalshareof this windfall to supplement the consumptionthey
would have received in the absenceof the transfers. If householdsinstead have CRRA util-
it y functions, then they would divide the pooled transfersinto unequal(but predetermined)
shares.Accordingly, the e®ectof a targeted transfer schemeon our measureof risk would be
to slightly changethe aggregaterisk facedby every household.There would be no e®ecton
idiosyncratic risk (though if there was really full insurance,there would be no idiosyncratic
risk to begin with).

4.2. Credit. Considera model in which householdshave accessto perfect credit markets,
but make no arrangements to insure their consumption. These samehouseholdsmay or
may not be constrainedwith respect to their borrowing, as suggestedin Morduch (1995)
(Lim (1992) provides a test of this hypothesisusing thesesamedata). Now, by assumption
householdsmakeno contingent transfersto other households,soweneedto concernourselves
only with how the transfer will a®ectsavingsand investment. Sincethe householdhad access
to credit markets prior to the targeting program, it would have chosenits savings behavior
to satisfy the Euler equation

U i 0(ci
t ) = EtH i

t+ j U
i 0(ci

t+ j )

j = 1; 2; : : : , whereEt denotesthe household'sexpectationsat time t, and whereH i
t denotes

the discounted realizedreturns on an investment of a single rupeeat t ¡ 1. Note that here
we con°ate the risk evaluation function U i with the household'sutilit y function, to avoid
additional notation.

Now, how receipt of a transfer a®ectsthe householdsconsumptionpro¯le hingescritically
on the householdsexpectations. If the receipt of the transfer is entirely unanticipated, the
householdhas quadratic utilit y as in Hall (1978), and H i

t = 1 for all t then householdcon-
sumption will increaseby exactly bi in every period, asthis represents a changein permanent
income. However, if the schemeis anticipated, householdconsumptionwill increaseby less
than bi , though the earlier anticipation of the schememay have raisedconsumptionearlier.
This raisesan important practical point. If onewere to canvassa village, trying to measure
risk so as to implement a schemeof targeted transfers, then the very act of measurement
may lead the villagers to infer that future transfersmay be forthcoming. This inference,in
turn, will in°uence consumptionat the very time that one is attempting to measureit.

4.3. Priv ate Information (Hidden Actions). We next turn our attention to a dynamic
model of hidden actions described by Ligon (1998). In this model, householdssupply labor
or make costly investments which can't be observed by others in the village. However,
the total output of each householdcan be observed. As a consequence,in a constrained-
e±cient arrangement, householdconsumption doesn't depend directly on labor e®ort, but
doesvary with the realizedoutput of the household.Though not strictly correct, an intuition
is that observingoutput allows other householdsto infer what e®ort may have been, and
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to compensatethe householdaccordingly. Thus, consumption expenditures in this model
may respond to income shocks, in much the same way as the model of credit sketched
in Section 4.2. However, and this is key, householdcompensation depends on output or
other idiosyncratic shocks to the extent that these shocks provide information regarding
unobservedbehavior of the household,or to the extent that theseshocks a®ectthe aggregate
resourceconstraint of the village.

As a consequence,publicly observable shocks to income, such as an observable transfer
from a donor, will have no direct in°uence on the households'consumption expenditures,
just as in the caseof full insurance. In particular, supposethat all householdsin the village
derive utilit y from an exponential function of consumptionexpendituresand disutilit y from
an additively separablefunction of e®ort. Supposealso that householdone has no private
information, while householdtwo takessomehidden labor e®orta2

t to produceoutput x2
t+1 .

Then in a constrainede±cient arrangement, consumptionsof the two householdswill satisfy

c1
t+1 ¡ c2

t+1 = c1
t ¡ c2

t + ¹
`a(x2

t+1 ja2
t )

`(x2
t+1 ja2

t )
;

where¹ is a non-negative constant, the function ` is the likelihood of observingoutput x2
t+1

given action a2
t , and `a is the partial derivative of the likelihood with respect to labor e®ort.

Note that the ratio `a=` is a likelihood ratio, which measuresthe usefulnessof information
x2

t+1 in inferring labor e®ort. Adding someother random variable b2 distributed indepen-
dently of labor e®ort to householdtwo's incomewould only increasetwo's consumptionby
an equal share of b2, b2=n. This is the same impact such a transfer would have on the
consumptionof every householdin the village, and will be no di®erent from the impact of
making preciselythe samepublic transfer, but to a completely di®erent household.

4.4. Limited Commitmen t. Finally, we turn our attention to another dynamic model,
but one in which the relevant friction is limited commitment, as in Kocherlakota (1996) or
Ligon et al. (2002), and discussedat length in Platteau (1997). In this model, households
makerisk-sharingarrangements, but the institutions to enforcethesecontracts aremissingor
imperfect, sothat any householdcan chooseto renegeon the mutual insurancearrangement
ex post.

The consequencesof reneging are that the householdis henceforth excluded from risk
sharing opportunities with all other households,and so non-trivial risk-sharing will emerge
if householdsaren't too impatient. Householdsnever actual renegein equilibrium. However,
householdswho receive su±ciently large positive shocks (relative to other households)may
try to renegotiate,using the (credible) threat that they will otherwiserenegeas leveragein
their negotiations. A householdwhich succeedsin renegotiatingthe risk-sharingarrangement
will negotiate a larger share of consumption both in the present period and in all future
periods (subject to another shock to some householdpossibly resulting in a subsequent
renegotiation). In this way, a positive income shock even in a single period can lead to a
permanent changein householdexpenditures, even in the absenceof formal credit markets
or an intertemporal technology.

The would-be donor seekingto make transfersto householdsin villageswhererisk-sharing
is limited by imperfect enforcement is faced with both an opportunit y and a challenge.
By making a su±ciently large transfer to householdi , the donor can e®ecta permanent
change in the distribution of consumption expenditures. However, if the donor seeksto
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target householdswho are particularly vulnerable to risk, she may reduce the abilit y of
those householdsto bene¯t from local informal insurancearrangements, and may actually
increasethe idiosyncratic risk the householdfaces.5 At the sametime, the donor may reduce
the e®ectivenessof the household'sinsuranceof other households.This follows becausea
households'future demand for insurancemay be reducedby transfers from the donor. If
the householdbene¯ts lessfrom informal insurancearrangements, then that makesit more
likely that the householdwill threaten to renegein future periods, and limits the indemnity
of the householdboth in the present period and in the future.

Finally, the point made earlier about the expectations arousedby a donor surveying a
village has a parallel here. If a donor visits a village, leading locals to believe that the
donor will e®ectively target vulnerablehouseholdsin the future, then thosesamevulnerable
householdsmay be immediately excludedfrom existing risk-sharing arrangements.

5. Conclusion

In this paper we'veproposeda utilitarian measureof risk, related it to existing measuresof
poverty, andgivena method for both estimatinghousehold-speci¯c risk andalsodecomposing
it into aggregateand idiosyncratic components. In addition, we develop a simple estimator
of risk-sharing regressionswhich delivers correct inference,even when estimated residuals
are correlated acrosshouseholds(as they would be if householdsparticipated in distinct
insurancenetworks).

We've usedthis technique to explorethe risk facedby householdsin the three main Indian
ICRISAT villages. Of the three villages, we infer that Aurepalle has the best intra-village
insurance, but the least accessto mechanisms for smoothing aggregateconsumption. In
contrast to Aurepalle, householdsin Shirapur bear almost no aggregaterisk, but do facea
large amount of unexplained idiosyncratic risk. Kanzara is somewherein between, though
it is the wealthiest village.

An exploration of the structure of residualsfrom risk-sharingregressionsrevealstwo strik-
ingly distinct risk-sharing networks in Aurepalle, one amongthe landlessand smallholders;
the other betweenmedium and large holders. Risk-sharingnetworks are not identi¯able in
the other two villages, but then evidencefor any e®ective risk-sharing in these villages is
relative weak.

Finally, wediscussa sequenceof modelswhich might explain the apparently imperfectrisk-
sharing we observe in thesevillages,along the consequencesfor a benevolent donor seeking
to target non-contingent transfers to particular households. In two of these three models
(full insuranceand dynamic moral hazard), targeting attempts seemeddoomedto failure, as
the \shock" of a donor making transfersis itself fully insuredaway. In the remainingmodels
(credit and limited commitment) targeted transferscan changethe distribution of resources
in the village, but may actually tend to increase the risk targeted householdsface|it's
possibleto compensatetheserisk-bearinghouseholdsby making them wealthier, but a more
sophisticatedmechanismthan targeted lump-sumtransferswould be necessaryto reducethe
risks borne by thesehouseholds.

5An exampleof this is discussedin Attanasio and Rios-Rull (2000).
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